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ABSTRACT OF DISSERTATION 
 
 
ESSAYS ON HEALTH ECONOMICS USING BIG DATA 
This dissertation consists of three essays addressing different topics in health economics. 
In the first essay, we perform a systematic review of peer-reviewed articles examining 
consumer preference for the main electronic cigarette (e-cigarette) attributes namely 
flavor, nicotine strength, and type. The search resulted in a pool of 12,933 articles; 66 
articles met the inclusion criteria for this review. Current literature suggests consumers 
preferred flavored e-cigarettes, and such preference varies with age groups and smoking 
status. Consumer preference for nicotine strength and types depend on smoking status, e-
cigarette use history, and gender. Adolescents consider flavor the most important factor 
trying e-cigarettes and were more likely to initiate vaping through flavored e-cigarettes. 
Young adults prefer sweet, menthol, and cherry flavors, while non-smokers, in particular, 
prefer coffee and menthol flavors. Adults in general also prefer sweet flavors (though 
smokers like tobacco flavor the most) and dislike flavors that elicit bitterness or 
harshness. Non-smokers and inexperienced e-cigarettes users tend to prefer no nicotine or 
low nicotine e-cigarettes while smokers and experienced e-cigarettes users prefer medium 
and high nicotine e-cigarettes. Weak evidence exists regarding a positive interaction 
between menthol flavor and nicotine strength.  
In the second essay, we investigate U.S. adult consumer preference for three key 
e-cigarette attributes––flavor, nicotine strength, and type––by applying a discrete choice 
model to the Nielsen scanner data (Consumer Panel data combined with retail data) for 
2013 through 2017, generating novel findings as well as complementing the large 
literature on the topic using focus groups, surveys, and experiments. We found that 
(adult) vapers prefer tobacco flavor, medium nicotine strength, and disposables, and such 
preference can vary over cigarette smoking status, purchase frequency, gender, race, and 
age. In particular, smokers prefer tobacco flavor, non-smokers or female vapers prefer 
medium strength, and infrequent vapers prefer disposables. Vapers also display loyalty 
(inertia) to e-cigarette brands, flavor, and nicotine strength. One key policy implication is 
that a flavor ban will likely have a relatively larger impact on adolescents and young 
adults than adults. 
The third essay employs a machine learning algorithm, particularly a random 
forest, to identify the importance of BMI information during kindergarten on predicting 
children most likely to be obese by the 4th grade. We use the Arkansas BMI screening 
program dataset. The potential value of BMI information during early childhood to 
predict the likelihood of obesity later in life is one of the main benefits of a BMI 
screening program. This study identifies the value of this information by comparing the 
 
 
results of two random forests trained with and without kindergarten BMI information to 
assess the ability of BMI screening to improve a predictive model beyond personal, 
demographic, and socioeconomic measures that are typically used to identify children at 
high risk of excess weight gain. The BMI z-score from kindergarten is the most important 
variable and increases the accuracy of the prediction by 14%. The ability of BMI 
screening programs to identify children at greatest risk of becoming obese is an important 
but neglected dimension that should be used in evaluating the overall utility. 
 In the last essay, we use Nielson retail scanner dataset and apply a difference-in-
differences (DID) approach and synthetic control method, and we test whether consumers 
in Utah reduced beef purchases after the 2009 Salmonella outbreak of ground beef 
products. The result of DID approach indicates that the Salmonella event reduced ground 
beef purchases in Utah by 17% in four weeks after the recall. Price elasticity of demand 
is also estimated to be -2.04; therefore, the reduction in ground beef purchases as a result 
of recall is comparable to almost 8.3% increase in the price of this product. Using the 
synthetic control method that allows us to use all of the control states to produce 
synthetic Utah, we found the effect of this event minimal compared to the DID effect. 
 
KEYWORDS: Big data, food safety recall, synthetic control, e-cigarette, choice 
model, BMI, random forest 
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Chapter 1. INTRODUCTION 
1.1  Background  
Technology advances provide us with the ability to store, analyze, and transform 
terabytes of data into meaningful and practical information. Big data brings new 
advantages to the private and public sectors. For policymaking, big data brings a broader 
and more detailed map to deliver more effective, evidence-based and data-driven policies 
containing less uncertainty. As Giest (2017) pointed out, the goal of big data movement 
has moved past the question of ‘if’ and is more about the ‘how.’ How can big data be 
incorporated into policymaking? How can big data be used in evaluating effectiveness of 
existing policies and informing future ones? The goal should, therefore, not be limited to 
the improvement of big data collection but we should aim at using the existing big 
datasets on informing and evaluating policies.  
Health spending is growing in the U.S., and it reached $3.5 trillion in 2017, which 
is equivalent to 17.9 percent of the nation’s Gross Domestic Product (Center for 
Medicare and Medicaid Services (CMS) 2018). The dramatic growth in health spending 
makes the efficiency of the healthcare market even more critical. Decision-makers in this 
sector increasingly have the opportunity to utilize big data to improve health forecasts 
and subsequently maximize health benefits and cut down on the increase in healthcare 
costs. 
This dissertation takes advantage of the existing datasets and develops empirical 
methods to address three unique issues in health economics. In chapter 2 and chapter 3 of 
this dissertation, we investigate e-cigarette users' preference for the main attributes of 
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these products, such as flavor, type, and nicotine strength level. In chapter 4, we employ 
machine learning methods to forecast students' Body Mass Index (BMI). In Chapter 5 we 
investigate how recalls affecting sales in short- and long-run. The dissertation remains 
unified in both its subject matter and methodological approach– using unique sources of 
data and sound research designs to understand important issues in health economics.  
2.1 Objectives and Structure 
The purpose of this dissertation is to improve our understanding of the implications of big 
datasets and novel applied methods for addressing health economic related questions. To 
achieve this goal, we use three unique data sources: Nielson Homescan and retail scan 
dataset, Arkansas BMI screening program dataset, and applied methods including 
synthetic control method, difference-in-differences, fixed effects, and Random Forest 
machine learning classification approach. 
Chapters 2 and 3 focus on understanding e-cigarette consumers’ preference for 
attributes of these products. The objective of chapter 2 is to perform a systematic review 
of research examining consumer preference for the main electronic cigarette (e-cigarette) 
attributes namely flavor, nicotine strength, and type. A systematic search of peer-
reviewed articles resulted in a pool of 12,933 articles. We included only articles that meet 
all the selection criteria: (1) peer-reviewed, (2) written in English, and (3) addressed 
consumer preference for one or more of the e-cigarette attributes including flavor, 
strength, and type. Sixty-six articles met the inclusion criteria for this review. Consumers 
preferred flavored e-cigarettes, and such preference varied with age groups and smoking 
status. We also found that several flavors were associated with decreased harm 
perception while tobacco flavor was associated with increased harm perception. In 
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addition, some flavor chemicals and sweeteners used in e-cigarettes could be of 
toxicological concern. Finally, consumer preference for nicotine strength and types 
depended on smoking status, e-cigarette use history, and gender. Adolescents could 
consider flavor the most important factor trying e-cigarettes and were more likely to 
initiate vaping through flavored e-cigarettes. Young adults overall preferred sweet, 
menthol, and cherry flavors, while non-smokers in particular preferred coffee and 
menthol flavors. Adults in general also preferred sweet flavors (though smokers like 
tobacco flavor the most) and disliked flavors that elicit bitterness or harshness. In terms 
of whether flavored e-cigarettes assisted quitting smoking, we found inconclusive 
evidence. E-cigarette users likely initiated use with a cigarette-like product and 
transitioned to an advanced system with more features. Non-smokers and inexperienced 
e-cigarettes users tended to prefer no nicotine or low nicotine e-cigarettes while smokers 
and experienced e-cigarettes users preferred medium and high nicotine e-cigarettes. 
Weak evidence exists regarding a positive interaction between menthol flavor and 
nicotine strength. 
In chapter 3, we empirically examine the vapers’ preference for the e-cigarette 
attributes. While new regulations around e-cigarettes are necessary to deal with e-
cigarettes use spikes among youth, there is little known on the adults’ preference for 
attributes of this product. In particular, stricter regulations on e-cigarette sales to youth 
potentially impacts e-cigarette companies' marketing strategy on targeting adults, 
especially those with smoking history. To investigate adults’ preference for e-cigarette 
attributes, this study combines Nielsen household and retail scanner datasets from 2013-
2017 and applies a discrete choice model. Our analysis demonstrates that alternatives 
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with lower prices, tobacco flavor, medium strength level, and disposable are more likely 
to be chosen by adults.  Our results suggest that adult vapers are strongly loyal to e-
cigarette brand, flavor, and strength level but not e-cigarette type. Our results also 
indicate that preference for the e-cigarette attributes is heterogeneous among different 
groups, depending on the smoking status, purchasing frequency, and age. 
Chapter 4 details the third essay which focuses on the use of machine learning to 
determine the information value of Arkansas body mass index program. Obesity rates 
tend to be lower in kindergarten but increase between kindergarten and 4th grade and then 
remain relatively stable through adolescence.  This general pattern can be observed in 
both the Arkansas data described below and the national data (Hales et al. 2018). BMI 
screening programs could reduce childhood obesity by raising awareness among parents 
of children with unhealthy weight status and thereby enabling parenting practices that are 
conducive to healthy body weight.  However, evidence on the effectiveness of screening 
programs is mixed. We employ a machine learning algorithm, a random forest, to identify 
the importance of BMI information during kindergarten (age 5-6 years) on predicting 
children most likely to be obese by the 4th grade (age 9-10 years). Specifically, we 
examine if BMI information during kindergarten from the screening program is more 
informative in predicting obesity than other predictors that could be observed in the 
absence of the screening program. To accomplish our goal, we compared two random 
forests trained with and without kindergarten BMI information to assess the ability of 
BMI screening to improve a predictive model beyond personal, demographic, and 
socioeconomic measures that are typically used to identify children at high risk of excess 
weight gain. If we can better predict if a child in kindergarten will become obese by 4th 
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grade using the kindergarten BMI z-score as a predictor variable, then this will allow 
appropriate interventions to be targeted for maximum impact on the childhood obesity 
problem.  The ability of BMI screening programs to identify children at greatest risk of 
becoming obese is an important but neglected dimension that should be used in 
evaluating their overall utility. We find new evidence that kindergarten BMI z-score, 
which has not been included as a predictor in previous studies, is much more important to 
prediction than these commonly observed measures.  This evidence shows the importance 
of BMI screening programs and helps policymakers to apply the most effective weight 
reduction policies cost-effectively by targeting specific students.   
In chapter 5, using Nielson retail scanner dataset and applying a difference-in-
differences approach and synthetic control method, we test whether consumers in Utah 
reduced beef purchases after the 2009 Salmonella outbreak of ground beef products. The 
result of DID approach indicates that the Salmonella event reduced ground beef 
purchases in Utah by 17% in four weeks after the recall. Price elasticity of demand is also 
estimated to be -2.04; therefore, the reduction in ground beef purchases as a result of 
recall is comparable to almost 8.3% increase in the price of this product. Using the 
synthetic control method that allows us to use all of the control states to produce 
synthetic Utah, we found the effect of this event is minimal (0.8%). Last chapter 6 
summarizes the collective findings and provides some discussion of potential 
implications. 
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Chapter 2. A SYSTEMATIC REVIEW OF CONSUMER PREFERENCE FOR E-
CIGARETTE ATTRIBUTES: FLAVOR, NICOTINE STRENGTH, AND TYPE 
2.1 Introduction  
Electronic cigarettes (e-cigarettes) have been increasingly popular among youth (Bunnell 
et al. 2015) and adults (King et al. 2013, McMillen et al. 2015). In 2014, the use of the e-
cigarette surpassed cigarette usage in adolescents for the first time in history (Arrazola et 
al. 2015). Unlike e-cigarettes, cigarettes have been the subject of heavy tobacco control 
policies that target specific product attributes. For example, the U.S. Food and Drug 
Administration (FDA) has the authority to regulate tobacco products, such as setting 
standards for cigarette nicotine and tar levels, banning flavored cigarettes except for 
menthol, and requiring cigarettes be sold in packs of at least twenty. Beginning in mid-
2016, FDA extended their regulatory authority to e-cigarettes and has worked to level the 
playing field with cigarettes. One example is a mandatory nicotine and tobacco warning 
statement on e-cigarette product packages targeting a start date in 2018. However, they 
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extended the deadline to 2022 for the vaping industry to comply with new FDA 
guidelines (U.S. Food & Drug Administration 2017).  
FDA also can regulate e-cigarette attributes. E-cigarettes have a variety of 
characterizing attributes, such as flavor, nicotine strength, type (also known as form), 
price, health warning, brand, battery life, e-liquid size, and device weight. Hundreds of e-
cigarette flavors exist, including tobacco, menthol, fruit, and coffee, etc. E-cigarettes are 
also sold in different types, such as disposable versus refillable, and cigarette like 
(cigalike) versus advanced systems with more powerful batteries, a manual button, and a 
larger choice of liquid flavors. Strength is measured by the amount of nicotine in 
milligrams per milliliter of the e-liquid. Given the  regulatory shift to the FDA and other 
potential policy changes at the local/state level (e.g., San Francisco is proposing to ban 
the sales of all flavored tobacco products including e-cigarettes (Korry 2017)), there is a 
critical need from a research perspective to understand how consumers perceive various 
e-cigarette attributes, which becomes the focus of this study.  
Review studies on consumer preference for tobacco product attributes are largely 
limited to flavors, focusing on either preference for flavors that can be used in tobacco 
products (Hoffman et al. 2016) or flavored tobacco products in general (Feirman et al. 
2015). Specifically, one study examined the available evidence of children and adults’ 
preferences for flavors that can be used in tobacco products. Their study, not specifically 
addressing preferences for e-cigarettes flavors, found that infants and children had a 
stronger preference for sweet and salt compared with adults (Hoffman et al. 2016). 
Another study reviewed 32 studies on the use of and attitudes toward flavored tobacco 
products, of which only four studies are related to e-cigarettes (Feirman et al. 2015). A 
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more recent study focused on non-menthol flavors in tobacco products (Huang et al. 
2017). Our study focuses on flavor, strength, and type as three key e-cigarette attributes, 
where the literature is mostly concentrated (e.g., we found no study addressing e-liquid 
size). In addition, results on flavor are classified by age cohorts and categorized based on 
the contribution to smoke cessation, toxicity, and harm perception. These results will 
provide information that can be used to determine what regulations might be needed.  
2.2 Materials and Methods 
We performed a systematic literature review using the search terms (“electronic 
cigarettes”, “e-cigarettes”, “electronic nicotine delivery systems”, “E-cig”, and “E-
cigarette”) in five databases (PubMed, MEDLINE, Web of Science, PsycINFO, and 
CINAHL Plus) for publications studying consumer preference for e-cigarette attributes. 
Our search strategy used the Boolean search strategy to identify the potential studies for 
this review study only using one level based on the keywords mentioned above. Avoiding 
using further search filters is the advantage of our study, which reduces the risk of 
missing relevant studies. Also, for the same reason, we applied the same search terms to 
11 journals that publish tobacco-related studies in addition to the five databases. These 
journals include Tobacco Control, Nicotine & Tobacco Research, Addictive Behaviors, 
Addiction, Drug, and Alcohol Dependence, Health Education, Drug & Alcohol Review, 
Journal of Pediatrics, American Journal of Preventive Medicine, International Journal of 
Public Health, and Preventive Medicine Reports. 
Studies examining humans of any age, race/ethnicity, gender, were eligible for 
this review. we began the search on October 1st, 2016 and finished the process on January 
8th, 2018. we searched without imposing restrictions on date or year, locations, study 
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design, study aim, or inclusion/exclusion criteria. Using the search procedure, we 
retrieved a pool of 12,933 articles with the title and abstract related to e-cigarettes.  
Based on this pool, two reviewers screened titles and abstracts using the following 
inclusion criteria: (1) peer-reviewed and published papers, (2) written in English, (3) 
relevant to consumer preference for e-cigarettes attributes. Therefore, working papers, 
editorial comments and letters, and news articles were excluded. There are no temporal or 
geographical restrictions, and all international, national or subnational populations were 
included. Next based on our original pool and these criteria, following a previous study 
method (Hartwell et al. 2016) the two reviewers were also assigned to review 10% of 
randomly selected articles that were excluded by each other. Disagreements at each of 
these steps were resolved through discussion between the two reviewers, and with a third 
reviewer as required.  
2.3 Results 
We screened 12,933 references and studied the full text of a final 636 articles. All these 
636 articles were published from 2010 through 2018, reflecting the popularity of research 
on e-cigarettes in recent years. Figure 2-1 describes the search process and the number of 
articles excluded in each step. After reviewing titles and abstracts, we excluded 
duplicates, irrelevant articles, editorials, and working papers. Next, full articles were 
reviewed and 570 articles were excluded from this review because they did not meet our 
inclusion criteria. For this study, we reviewed 66 articles, of which 13 were published in 
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2017, and 34 were published in 2016. These articles are divided into three main groups: 
flavor (48 studies), strength (22 studies), and type (14 studies)1.  
In Table 2-1, we provide a list of all the 66 articles, a short description of the 
sample (e.g., age, sample size, [cigarette] smokers, [e-cigarette] vapers, and location of 
the study2), summary of the findings, classification of data type (e.g., experiment, focus 
group, and survey), and finally methods (descriptive, regression, etc.). In this section, we 
summarize the findings in the literature. 
2.3.1 Consumer preference for e-cigarette flavor 
A survey of U.S. young adult and adult tobacco users found that flavored e-cigarettes are 
the fifth most frequently used flavored tobacco products out of nine in total, after shisha, 
cigarillos/little cigars, snus/smokeless, and pipes, and ahead of menthol cigarettes (Smith 
et al. 2016). Similar results (except that pipes were the second most popular) were 
reported in another study of U.S. young adults and adults using a different data source 
(Villanti et al. 2013). Another study showed that among U.S. youth, just flavoring (no 
nicotine) was the most commonly vaped substances (Miech et al. 2017). Flavored e-
cigarettes were also found to be the first e-cigarettes for most youth, young adults, and 
adults vapers (Harrell et al. 2017a). Furthermore, vapers ranked the selection of flavors 
and unique flavors as two of the most important factors in choosing between competing 
for vape shops (Sussman et al. 2014). Based on social media data, a study found that the 
most frequently discussed flavors are fruit, cream, tobacco, and menthol (Wang et al. 
                                                 
1 Some studies investigated consumer preference for more than one e-cigarette attribute.  
2 Location of studies done in the countries other than the United States are reported in the Table 1. 
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2015). Another study found that tobacco, menthol/mint, and fruit are the top three flavors 
preferred by consumers (Yingst et al. 2017).  
In the following subsections, we discuss consumer preference by three age 
cohorts, the impact of flavors on quitting smoking, and the health implications of flavors. 
The three age cohorts are adolescents, young adults, and adults, commonly defined by 
younger than 18, between 18 and 24, and older than 24; age groups are defined based on 
the National Health Interview Survey age groups definition (2016). Not all reviewed 
studies follow the above age cutoffs, so we used some discretion in classifying studies by 
age, and sometimes will use the mean age to determine the appropriate age cohort. To 
make our results more easily understandable, we tabulate results in Table 2-2, with +, –, 
and 0 representing the results of a study that found a positive preference, a negative 
preference, and no preference, respectively. we also use subscripts to denote results 
specific to smokers and non-smokers' preference whenever possible. 
2.3.2 Adolescents’ preference for flavor 
Thirteen papers described adolescents’ preference for flavor (Bold et al. 2016, Clarke and 
Lusher 2017, Dai and Hao 2016, Ford et al. 2016, Kong et al. 2015, Pepper et al. 2013, 
Pepper, Ribisl, and Brewer 2016, Shang et al. 2017, Shiffman et al. 2015, Villanti et al. 
2017, Wagoner et al. 2016, Krishnan-Sarin et al. 2015, Harrell et al. 2017a). A recent 
study showed that most adolescents started first e-cigarette with flavored ones (Villanti et 
al. 2017). Another study found that adolescents positively regarded e-cigarette flavor 
variety (Wagoner et al. 2016). A study using longitudinal surveys from middle and high 
school students found flavoring is the second most important factor determining whether 
students try e-cigarettes, after curiosity and another study also reported the same findings 
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(Bold et al. 2016, Kong et al. 2015). As to flavor and smoking initiation, flavored e-
cigarette use was found to be associated with a higher intention to initiate cigarette use 
(Dai and Hao 2016). A study based on a national sample of U.K. adolescents found fruit 
and sweet flavors were more likely to be tried by adolescents who have never smoked 
than by smokers trying to quit (Ford et al. 2016). A more recent study confirmed this 
using a choice experiment in the United States (Shang et al. 2017). Another U.K. study 
also found tobacco flavor was less favorable compared with other ones such as fruit 
(Clarke and Lusher 2017). A phone survey reported that adolescents (mostly non-
smokers) were more likely to try e-cigarettes with candy, fruit, and menthol flavors than 
tobacco or alcohol flavors (Pepper, Ribisl, and Brewer 2016). A study reported that sweet 
flavors were most popular among Connecticut adolescents (Krishnan-Sarin et al. 2015). 
On the other hand, another study, conducted by mostly the same authors used an online 
survey to demonstrate that flavors (i.e., candy or fruit) did not increase adolescents’ 
willingness to try e-cigarettes, (Pepper et al. 2013) offering a different view of U.S. 
adolescence preference for flavor. Another study also reported a similar finding, that e-
cigarette flavors do not appeal much to nonsmoking teenagers (Shiffman et al. 2015). 
2.3.3 Young adults’ preference for flavor 
Eleven papers studied young adults’ preference for flavor (Audrain-McGovern, Strasser, 
and Wileyto 2016, Choi et al. 2012, Cooper, Harrell, and Perry 2016, Czoli et al. 2016, 
Hutzler et al. 2014, Kinouani, Pereira, and Tzourio 2017, Krishnan-Sarin et al. 2017, 
Patel et al. 2016, Wagoner et al. 2016, Harrell et al. 2017a, Villanti et al. 2017). A study 
found that similar to adolescents, young adults also positively regarded e-cigarette flavor 
variety (Wagoner et al. 2016). French-speaking students also ranked flavors as the third 
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most important reason for trying e-cigarettes, after curiosity and being offered by 
someone to try (Kinouani, Pereira, and Tzourio 2017). Furthermore, young adults seemed 
more likely to cite flavoring as a reason for use, especially compared with much older 
adults (Patel et al. 2016). For the United States, a study showed that Texas adolescents 
and young adults were more likely to consider their first e-cigarettes to taste different 
from tobacco, compared with adults (Harrell et al. 2017a). A study using lab experiments 
found that flavoring reinforced the desire to vape e-cigarettes containing nicotine 
(Audrain-McGovern, Strasser, and Wileyto 2016). A study using a focus group found 
that flavors contributed to positive perceptions of new e-cigarette products (Choi et al. 
2012, Cooper, Harrell, and Perry 2016). In terms of specific flavors, a study found that 
sweet-flavored solutions produced greater appeal (Hutzler et al. 2014). Using an online 
discrete choice experiment a study found that non-smokers were more interested in trying 
coffee, cherry, and menthol flavors while smokers were more interested in trying cherry 
flavor compared with other flavors (Czoli et al. 2016). One study found that high 
concentration of menthol led to better e-cigarette liking and wanting (Krishnan-Sarin et 
al. 2017). 
2.3.4 Adult’s preference for flavor 
A total of thirteen studies described adults’ preference for flavor (Berg 2016, Bonhomme 
et al. 2016, Czoli et al. 2016, Dawkins et al. 2013, Elkalmi et al. 2016, Kim et al. 2016, 
Nonnemaker et al. 2016, Pineiro et al. 2016, Smith et al. 2016, Soule, Rosas, and Nasim 
2016, Soule et al. 2016, Rosbrook and Green 2016). Two studies of adults using a 
concept mapping approach found that the variety of e-cigarette flavors was one reason 
they used e-cigarettes, and flavors may enhance the experience of e-cigarette use, 
14 
 
respectively (Soule, Rosas, and Nasim 2016, Soule et al. 2016). A study of 33 countries 
mostly on ex- and current smokers showed that the most popular (or preferred) e-
cigarette flavors in descending order were tobacco, fruit, and menthol (Dawkins et al. 
2013). For the United States, a study found that the descending order was fruit, 
menthol/mint, and candy/chocolate/other sweet flavors (Bonhomme et al. 2016). Another 
study on Malaysia showed that a variety of flavors leads to better enjoyment (Elkalmi et 
al. 2016).  
A study found the first use of a flavored tobacco product was related to current 
flavored tobacco use and polytobacco use (Smith et al. 2016).  A study showed that older 
smokers (Czoli et al. 2016) and another one showed current smokers (Berg 2016) were 
more interested in trying tobacco-flavored e-cigarettes. A study compared gender 
differences in flavor preference and showed that men preferred tobacco flavors more than 
women did (Pineiro et al. 2016). Another study indicated that adults preferred flavors that 
elicit sweetness or coolness while flavors that elicit bitterness or harshness (most likely 
coming from nicotine) were less preferred (Kim et al. 2016). Flavors also generate a price 
premium for e-cigarettes by increasing consumers’ willingness to pay. In particular, a 
study of Florida smokers (92% adults and the rest young adults) concluded that 
willingness to pay for a flavor-less e-cigarette was significantly less than that for flavored 
product (Nonnemaker et al. 2016). 
2.3.5 Flavors and smoking cessation 
Only four studies touched on the relationship between e-cigarette flavors and quitting 
smoking (Camenga et al. 2017, Czoli et al. 2016, Dai and Hao 2016, Nonnemaker et al. 
2016). One found that menthol and coffee flavors were perceived as having greater quit 
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efficacy (Czoli et al. 2016). Another study also had a similar finding but only for menthol 
(Nonnemaker et al. 2016).  A study also found that using a combination of two or more 
flavors mixed together was more likely to quit smoking (Camenga et al. 2017). However, 
in another study, flavored e-cigarette use was found to be associated with a lower 
intention to quit smoking (Dai and Hao 2016). 
2.3.6 The impact of flavor on health and harm perception  
Seven studies addressed the impact of flavor on health and harm perception (Dai and Hao 
2016, Ford et al. 2016, Hutzler et al. 2014, Leigh et al. 2016, Pepper, Ribisl, and Brewer 
2016, Soussy et al. 2016, Tierney et al. 2016). An analysis of 28 e-cigarette liquids 
purchased in Germany identified the presence of a wide range of flavors and additives, 
including some compounds that are potentially allergenic (Hutzler et al. 2014). Similarly, 
a study of 30 e-cigarette products in the U.S. market found that 13 were more than 1% 
flavor chemicals by weight, some of which were of potential toxicological concern (e.g., 
cause respiratory irritation) (Tierney et al. 2016). Another study found that the use of 
sweeteners in e-cigarettes can expose users to furans, toxic compounds (Soussy et al. 
2016). Furthermore, a study of five flavors across six types of e-cigarettes found that 
flavors significantly affected the in vitro toxicity profile and the strawberry-flavored 
product is the most toxic (Leigh et al. 2016).  
 In terms of harm perception, one study found that flavored e-cigarette use reduced 
the prevalence of perception of the dangers of tobacco use among youth (Dai and Hao 
2016). Another study found more nuanced results, demonstrating that tobacco flavor 
increased harm perception while fruit and sweet flavors decreased harm perception 
among U.K. adolescents (Ford et al. 2016). Similarly, a study in the United States found 
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that, for U.S. adolescents, fruit-flavored e-cigarettes were perceived to be less harmful 
than tobacco flavored ones (Pepper, Ribisl, and Brewer 2016).  
2.3.7 Consumer preference for nicotine strength 
Companies report nicotine strength in three ways: milligrams, percentages, or descriptors 
(e.g., low, medium, high) (Zhu et al. 2014). Nicotine strength depends on e-cigarette type 
and varies widely, for example, from 0.27 to 2.91 mg/15 puffs (EL-Hellani et al. 2018). 
Nineteen studies addressed consumer preference for nicotine and/or the interaction of 
nicotine with flavors (Marynak et al. 2017, Dawkins et al. 2013, Kinnunen et al. 2016, 
Miech et al. 2017, Pepper, Ribisl, and Brewer 2016, Morean et al. 2016, Wagoner et al. 
2016, Pineiro et al. 2016, Laverty, Vardavas, and Filippidis 2016, Czoli et al. 2016, Etter 
2015, Etter 2016b, Browne and Todd 2018, Krishnan-Sarin et al. 2017, Oncken et al. 
2015, Rosbrook and Green 2016, St.Helen et al. 2017, Goldenson et al. 2016b, Polosa et 
al. 2015). One study showed that almost all e-cigarettes sold in most U.S. retail outlets 
(excluding vaper shops and online ones) contained nicotine (Marynak et al. 2017). 
Another study examined 33 countries and found that only 1% of the adult smokers 
exclusively used non-nicotine e-cigarettes and that the most popular concentration of 
nicotine was 18 mg/ml (Dawkins et al. 2013). A study of Finnish adolescents found that 
e-liquids with nicotine were more popular with ever smokers while e-liquids without 
nicotine were more popular with never smokers (Kinnunen et al. 2016). A study found 
that nicotine was the second most commonly used vaped substance for U.S. youth, after 
pure flavoring and ahead of marijuana (Miech et al. 2017). Despite this, about 20% of 
adolescents thought e-cigarettes had no nicotine or were unsure (Pepper, Ribisl, and 
Brewer 2016). In another study, researchers reported the shares of Connecticut 
17 
 
adolescents using nicotine-free e-liquid, nicotine e-liquid, and not knowing the nicotine 
concentration in their e-liquid were largely similar (about one-third each) (Morean et al. 
2016).  
 One study showed that user control of nicotine content was a positive attribute of 
e-cigarettes (Wagoner et al. 2016). Men were found to use higher nicotine doses, 
compared with women (Pineiro et al. 2016). Amount of nicotine was found to be a 
leading reason for many European vapers to choose their brands of e-cigarettes (after 
flavor and price) (Laverty, Vardavas, and Filippidis 2016). A study found that low 
nicotine content increased intentions to try e-cigarettes, reduced harm perception, and 
was perceived as more effective at aiding in smoking cessation. Medium nicotine content 
was found to have the opposite effect of low nicotine content. They also found that 
younger non-smokers preferred no nicotine or low nicotine e-cigarettes while smokers 
preferred medium and high nicotine e-cigarettes (Czoli et al. 2016), echoing the findings 
of another study in this area (Kinnunen et al. 2016). Another study also found smokers 
and heavier e-cigarettes users tended to prefer nicotine (Morean et al. 2016). In contrary 
to findings from a study mentioned above (Czoli et al. 2016), another study (Etter 2015) 
found that e-cigarettes with a high level of nicotine provided stronger attenuation of 
craving for tobacco, based on e-cigarette users from over seven countries. A later study 
by the same author found that experienced vapers who are trying to quit smoking 
decreased the nicotine concentration by using refillable e-cigarettes but increased the 
overall consumption in the e-liquids overtime to compensate (Etter 2016b). A similar 
finding of decreased use of nicotine strength was reported by another study as well 
(Polosa et al. 2015). However, the opposite was reported in another study and interpreted 
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as a strong motivation to quit smoking rather than using e-cigarettes recreationally 
(Browne and Todd 2018).   
Several studies addressed potential interactions of flavors and nicotine 
strength/concentration. A study of young adult vapers showed that nicotine increased user 
reports of throat hits but did not enhance appeal or interact with flavor effects on appeal 
(Goldenson et al. 2016b). On the other hand, a recent study (Krishnan-Sarin et al. 2017) 
found evidence (weakly statistically significant, p = 0.06) of positive nicotine*menthol 
interaction, echoed by another study as well (Rosbrook and Green 2016). Also, there is 
evidence that flavor may influence nicotine concentrations in women vapers (using 
nonpreferred flavors led to lower concentrations) (Oncken et al. 2015). The mechanism 
could be that flavors may influence the rate of nicotine absorption through an effect on 
pH (St.Helen et al. 2017).  
2.3.8 Consumer preference for types 
Twelve studies touched on consumer preference for e-cigarette types (Dawkins et al. 
2015, Etter 2016a, Chen, Zhuang, and Zhu 2016, Kistler et al. 2017, Pineiro et al. 2016, 
Shang et al. 2017, Dawkins et al. 2013, Baweja et al. 2016, Giovenco, Lewis, and 
Delnevo 2014, Krishnan-Sarin et al. 2015, Seidenberg, Jo, and Ribisl 2016, Yingst et al. 
2015). In general, e-cigarettes can be divided into three generations: cigarette resembling 
first generation, pen resembling the second generation that uses larger batteries and tanks, 
and no-cigarette resembling third generation that features even larger-capacity batteries, 
more advanced atomizers, and adjustable power delivery (Dawkins et al. 2015). There is 
an evidence that second-generation devices seemed to be more satisfying to U.K. e-
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cigarette users (Dawkins et al. 2015). Similarly, another study found that newer-
generation devices were more satisfactory and effective in smoke cessation (Etter 2016a).  
A study of adult ever smokers found that consumer preference for e-cigarette 
types was associated with smoking cessation. Specifically, open systems were more 
likely to be used by former smokers than current smokers and were more likely to be 
used daily than closed systems. Interestingly, most users used either closed systems or 
open systems, and rarely used both (Chen, Zhuang, and Zhu 2016). Women were found 
to prefer disposable e-cigarettes, and young adults were found to pay more attention to 
modifiability (Pineiro et al. 2016, Kistler et al. 2017). Modifiability also was found to 
increase the probability of initiating e-cigarettes among adolescents (Shang et al. 2017). 
A study found that about three-fourths of smokers used a tank system, which allows users 
to choose flavors and strength to mix their own liquid (Dawkins et al. 2013). Experienced 
e-cigarette users even ranked the ability to customize as the most important characteristic 
(Baweja et al. 2016). Also, a study reported that experienced users preferred rechargeable 
e-cigarettes over disposable ones (Giovenco, Lewis, and Delnevo 2014). A similar 
finding was reported for Connecticut adolescents (Krishnan-Sarin et al. 2015).  
 A study that examined top-selling e-cigarette websites found that most 
independent e-cigarette brands offered advanced systems (as opposed to first-generation 
e-cigarettes) that might appeal more to experienced e-cigarette users or smokers wanting 
to quit. In contrast, this study found that e-cigarette brands developed or acquired by 
cigarette manufacturers did not offer advanced systems (Seidenberg, Jo, and Ribisl 2016). 
Another study used an online survey provided a similar finding –– e-cigarette users likely 
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initiated use with a cigalike product and transitioned to an advanced system with more 
features (Yingst et al. 2015).  
2.4 Discussion 
2.3.1 Principal findings  
Several results emerge from our literature review. First, several studies have shown that 
consumers preferred flavored e-cigarettes and such preference varied with age group and 
smoking status. Adolescents could consider flavor the most important factor in their 
decision to try e-cigarettes and were more likely to initiate vaping through flavored e-
cigarettes (especially fruit and sweet ones for non-smokers). Young adults overall 
preferred sweet, menthol, and cherry flavors, while non-smokers, in particular, preferred 
coffee and menthol flavors. Adults preferred sweet flavors, too and disliked flavors that 
elicit bitterness or harshness. Adult smokers (especially men) liked tobacco flavor the 
most, followed by menthol and fruit flavors. In terms of smoking cessation, we found 
inconclusive evidence on the role of flavored e-cigarettes.  
 Second, we also found that several flavors were associated with decreased harm 
perception (e.g., sweet and fruit) while tobacco flavor was associated with increased 
harm perception. Our review identified several studies showing that some flavor 
chemicals and sweeteners used in e-cigarettes could be of toxicological concern.  
 Third, in terms of nicotine strength, the literature demonstrated that nicotine 
increased throat hit and user control of nicotine content is a positive attribute of e-
cigarettes. Consumer ranked nicotine strength as an important factor choosing among 
various e-cigarettes, though such preference could vary by smoking status, e-cigarette use 
history, and gender. Specifically, non-smokers and inexperienced e-cigarettes users 
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tended to prefer no nicotine or low nicotine e-cigarettes while smokers and experienced 
e-cigarettes users preferred medium and high nicotine e-cigarettes. Men were found to 
prefer higher nicotine doses. The evidence on whether user increased or decreased 
nicotine strength over time seemed rather inconclusive. 
 Fourth, an interesting result that emerges from our review is the potential 
interactions between e-cigarette attributes. we identified a handful studies on the 
interactions between flavors and nicotine strength, and found weak evidence of positive 
interactions between the two (i.e., nicotine*menthol). Future studies on the interactions of 
e-cigarette attributes are warranted. 
 Finally, we found that newer-generation devices were more satisfying to 
consumers. Consumer preference for e-cigarette types could depend on smoking status, 
user experience, gender, and age. Women and inexperienced e-cigarette users were found 
to prefer disposable e-cigarettes, and experienced e-cigarette users and young adults were 
found to pay more attention to modifiability. Open systems were more likely used by 
former smokers than current smokers and were more likely used daily, compared with 
closed systems. E-cigarette users likely initiated use with a cigalike product and 
transitioned to an advanced system with more features.  
2.3.2 Limitations 
This study is the first comprehensive review of e-cigarette attributes. However, there are 
a few limitations to this review. First, although most reviewed studies on e-cigarettes 
indicated ethnicity, education, and income level in sample characteristics, a few of them 
analyzed consumer preferences across different races, incomes or education levels; for 
example, we only found four studies on preference for flavored e-cigarette by race (Smith 
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et al. 2016, Villanti et al. 2013, Bonhomme et al. 2016, Patel et al. 2016). Therefore, we 
were not able to discuss our results across these demographics the same way that we did 
for age cohorts. Second, because of heterogeneity in demographic age ranges in the 
studies, we had to use some discretion (e.g., using mean age) matching individual studies 
to particular age cohorts. For example, in one study the age range is 18-30-years-old, and 
we considered it as a young adult cohort (18-24-years-old) (Audrain-McGovern, Strasser, 
and Wileyto 2016). Also, another study reported a mean age of 35 (Soule et al. 2016), 
and we placed it in the adult cohort (more than 25 years old). Finally, this study was 
restricted to peer-reviewed articles available in English, and most of them focused only 
on the United States (53 out of 66 studies), which limits the external validity of this 
research. 
2.3.3 Implications for research, policy, and practice 
Our research generates many results that might be useful to policymakers and other 
researchers. First, the results summarized here provide insightful information regarding 
the potential impact of a restriction on certain e-cigarette attribute(s). For example, 
Canada bans the sales of e-cigarettes containing nicotine. If such a policy were adopted in 
the United States, it is reasonable to assume smokers will be affected the most by such a 
policy. Similarly, if the FDA bans the sale of all flavored e-cigarettes, we might expect to 
see a drop in e-cigarette initiation rate and prevalence rate. Second, our results point to a 
contradiction between facts and perception. For example, sweet flavor was perceived as 
less harmful though several studies indicated otherwise due to certain flavor chemicals. If 
consumers were informed of the potential harm of using flavored e-cigarettes, their 
purchasing decisions might change. Finally, our results also provide insight into research 
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gap. For example, certain flavors such as strawberry and coolness receive little 
examination. There is also no study conducted on the potential interaction between flavor 
and types, and between nicotine strength and types.  
2.5 Conclusions 
In this paper, we systematically reviewed peer-reviewed articles on three key e-cigarette 
attributes (flavors, nicotine strength, and type). we summarized main findings of 66 
identified studies in two tables. Overall, our results reveal that consumers preferred 
flavored e-cigarettes that such preference varied with age groups and smoking status, that 
flavoring could be associated with toxicity, though many consumers believed otherwise. 
Consumer considered nicotine strength an important factor when purchasing e-cigarettes 
and found newer-generation devices are more satisfying to consumers; however, such 
preferences might depend on smoking status, e-cigarette use history, and gender.  
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Table 2-1 Summary of Peer-Reviewed Literature on Consumer Preference for E-Cigarette Attributes 
Lead Author & Year Sample Description Findings Data Type/Method a 
Audrain, 2016  Cigarette smokers (n = 32, age 18–30) Flavoring enhances the experience of the vaping value of e-cigsb with nicotine for cigarette smokers. Experiment, 2 
Baweja, 2016 E-cig users (n = 200, age 30–50) Tank feed e-cig liquid with a variety of flavors is preferable for around 60% of experienced e-cig users. Online survey, 1 
Berg, 2016  
Never, current, and former smokers (n = 1567, 
age 18–34) 
Current smokers prefer various flavors; however, fruit flavors are more desirable.  Online survey, 1 
Bold, 2016  Middle and high school students (n = 340) After curiosity, the flavor is the most important factor in the decision to try e-cigs. 
Longitudinal surveys, 
2 
Bonhomme, 2016  Adults (n = 75,233, age > 18) Preferences for e-cig flavors are fruit, menthol/mint, and candy, chocolate, and other sweet flavors in descending order. 2013-2014 NATS, 1 
Browne, 2018  E-cig users (n = 436, age 17–88) Older and female e-cig users prefer a low power, higher nicotine-concentration style of vaping. 
Internet discussion 
forums, 2 
Camenga, 2017  
Current and former smokers who are e-cig 
ever-user (n = 189, mean age 18)  
Menthol and combination of two or more flavors mixed together are preferred flavors.   Survey, 2 
Chen, 2016  
E-cig users who ever smoked (n = 923, age > 
17) 
Open systems are more likely used by former smokers and more likely to be used daily than a closed system. Users intend to 
reduce their intake but with higher nicotine concentration e-cigs.  
Online survey, 1 
Choi, 2012  
Young adult tobacco users and non-users (n = 
66, age 18–26) 
Flavors contributed to positive perceptions of new e-cig products. 
Focus group, 1 
 
Clarke, 2017  Adolescents (n = 256, age 16–19) in the U.K. 
Flavored e-cigs are more appealing than non-flavored ones, and tobacco flavor was less favorable compared with other 
flavors. 
Survey, 1&2 
Cooper, 2016  Current e-cig users (n = 50, age 19–61) Trying different flavors is one primary reason for using e-cigs. Interview, 1 
Czoli, 2016  
Cigarette smokers and non-smokers (n = 915, 
age > 16) in Canada 
New vapers prefer menthol or cherry flavors with low or medium nicotine content over coffee flavored e-cigs with none or 
high nicotine content. 
Online survey, 2 
Dai, 2016  Middle and high school students (n = 21,491) 
Flavored e-cig use is associated with a higher initiation rate of cigarette use, a lower intention rate of quitting tobacco use, 
and a lower prevalence use of the perception of tobacco’s danger. 
2014 NYTSc, 1 
Dawkins, 2013  
Primarily ex- and current cigarette smokers (n 
= 1,347, mean age 43) in 33 countries 
Most popular: tobacco, fruit, menthol (flavor); 18mg, 11mg, 24mg (strength); tank use, tornado tank Ego-c, tornado tank 
(type). No significant differences between ex and current smokers for any demographic variable or country of origin. 
Online survey, 1 
Dawkins, 2015  Smokers (n = 97, age mean 26) in the U.K. Second-generation devices are more satisfying.  Survey, 2 
EL-Hellani, 2018  27 e-cig products from 10 top brands Nicotine emissions vary widely from 0.27 to 2.91 mg/15 puffs. Lab test, 2 
Elkalmi, 2016  
General population (n = 277, age > 17) in 
Malaysia 
Variety of flavors are preferable for e-cig users.  Survey, 1 
Etter, 2015  
Former smokers who are e-cig users (n = 374, 
age > 18)  
Refillable e-cigs with a high level of nicotine provides stronger attenuation of craving for tobacco. Online Survey, 1 
Etter, 2016a  
E-cig users dedicated to quit smoking (n = 98, 
age > 18) in Switzerland, France, or the U.S.  
 
E-cig users decreased the concentration of nicotine in their e-liquids but increased their consumption in order to compensate.  Online survey, 1 
Etter, 2016b  
Current e-cig users (n = 2,807, age > 18) in 
several countries 
Refillable e-cigs are more effective in smoke reduction and cessation.  Online survey, 1 
Feirman,2015  Review of 32 tobacco-related studies Consumers prefer flavored tobacco products, and these products are more common for youth. Review study, 1 
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Ford, 2016  
Adolescents (n = 1,205, age 11–16) in the 
U.K. 
E-cigs were perceived as harmful (moderated by product flavors). Fruit and sweet flavors were more likely to be tried by 
never smoker than smokers trying to quit. 
2014 YTPSd 1 
Giovenco, 2014  
Current and former cigarette smokers (n = 
2,136, age >= 18) 
Established users prefer rechargeable e-cigs over disposable ones.  Online survey, 2 
Goldenson, 2016  Young adult e-cig users (n = 20, age 19–34) Sweet-flavored solutions produced greater appeal than other flavors and nicotine increases throat hit. Experiment, 1 & 2 
Harrell, 2017  General population (n=15,440, age>=12) 
Most of e-cig users initiate with flavored e-cigs, and never smokers and former smokers start with non-tobacco flavored e-
cigs while dual users start with tobacco flavors. 
TATAMSe, M-
PACTf & TPRPSg, 1 
Hoffman, 2016  Review of 59 studies The flavoring in tobacco products impacts use and initiation for young adults while product switching or dual use for adults. Review study, 1 
Huang, 2017  Review of 40 tobacco flavor-related studies Flavors play an important role in the initiation and continue to use and decrease the initiation to quit tobacco products.  Review study, 1 
Hutzler, 2014  28 e-liquids from 7 manufacturers in Germany 
141 flavor chemicals identified in one or more of the products and about 80% of e-liquids contained at least one flavor 
chemical. 
Lab test, 1 
Kim, 2016  
Young adult and adult e-cig users (n = 31, age 
22–44) 
Sweetness and coolness are preferred (bitterness and harshness are not). Experiment, 1&2 
Kinnunen, 2016  
Adolescents (n = 10,233, age 12–18) in 
Finland 
Ever smokers prefer e-cig with liquid containing nicotine while non-smokers prefer liquid without nicotine. 
2013 & 2015 AHLSh 
1&2 
Kinouani, 2017  
French-speaking students (n = 2,720, age 
>=18) mostly in France  
Flavors are ranked as the third most important reason for trying e-cigarettes, after curiosity and being offered by someone to 
try. 
Survey, 1&2 
Kistler, 2017  E-cig users (n = 34, age 18-80) Among e-cig features, women pay more attention to flavor and young adult to the modifiability.  Interviews, 1 
Kong, 2015  Students (n = 1,302, age 12-22) Appealing flavors is the most important factor for trying e-cig after curiosity. 
Focus group & 
survey, 1 
Krishnan-Sarin, 2015 
High and middle school students (n = 4,780, 
age 11–21) 
Rechargeable e-cigs with sweet flavors is most popular. Current cigarette smokers initiate e-cigs with nicotine containing and 
ever and never cigarette smokers initiate e-cigs without nicotine.  
Survey, 2 
Krishnan-Sarin, 2017  e-cig users (n = 60, age 16–20)  For youth, menthol increases the positive rewarding effects of high nicotine strength of e-cigs. Experiment, 1 
Laverty, 2016  
Ever tobacco and e-cig users (n = 2,430, age 
>=15) in 28 EU countries 
Most common reasons in descending order for choosing the brand of e-cigs are Flavor, price and amount of nicotine. 
Eurobarometer 
survey,1 
Leigh, 2016  Six types of ENDS with five different flavors 
Product type, battery output voltage, and flavors affect the toxicity of e-cig, and strawberry-flavored products are the most 
cytotoxic. 
Lab test, 1 
Litt, 2016  
Young adult and adult cigarette smokers 
substituting e-cigs (n = 88, age 18–55) 
The largest drop in cigarette smoking was associated with menthol e-cigs, and the smallest drop was associated with 
chocolate and cherry flavored e-cigs. 
Experiment, 2 
Marynak, 2017  E-cig products In 2015, almost all e-cigs sold in most U.S. retail outlets (excluding vaper shops and online ones) contain nicotine. Nielsen company, 1 
Miech, 2017  
Students, nationally representative (n = 
44,892, grades 8, 10, and 12) 
Two-thirds of students used vaporizers with just flavoring such as e-cigs, while 20% of 12th and 10th grade and 13% in 8th 
grade used products with nicotine. 
Survey, 1 
Morean, 2016  
High and middle school students (n = 513, age 
mean 16) 
The shares of adolescents using nicotine-free e-liquid, nicotine e-liquid, or not knowing their e-liquid nicotine concentration 
are similar.   
 
Survey, 1 &2 
Nonnemaker, 2016  Adult cigarette smokers (n = 765, age > 18) For cigarette-only users, losing flavors significantly reduced the willingness to pay for an e-cigarette. Online survey, 1&2 
Oncken, 2015  Smokers (N= 27, age 18–55) Using no preferred flavors by women leads to lower nicotine concentrations.  Experiment, 1 
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aMethod is indicated using numbers in which: 1=Descriptive, 2= Regression, 3=Concept Mapping.  
 bE-cig is used for E-cigarette in this table. 
cNational Youth Tobacco Survey. 
dYouth Tobacco Policy Survey. 
eTexas Adolescent Tobacco and Marketing Surveillance System. 
f Marketing and Promotions Across Colleges in Texas Project. 
g Tobacco Products and Risk Perceptions Survey. 
hAdolescent Health and Lifestyle Survey. 
i ENDS: electronic nicotine delivery systems.  
jLegacy Young Adult Cohort Study, 2012. 
k Population Assessment of Tobacco and Health. 
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Table 2-2 A Summary of Preference for E-Cigarette Flavors 
 Age cohorts 
Help quit 
smoking? 
Health 
List of Flavors Adolescents 
Young 
adults 
Adults  
Increase 
toxicity? 
Increase 
Harm 
perception? 
Bitterness/harshness   –    
Candy 0 NS, + NS  +    
Cherry  +     
Coffee  +NS  +   
Coolness   +    
Fruit +NS, 0 NS, +  +S, +   – 
Menthol +NS +NS, + +S, + +   
Strawberry     +  
Sweet +NS, + + +  + – 
Tobacco – – +S   + 
Flavor in general 
+, 
 0,  
0NS 
+ 
 
+ 
+S, NS 
– + + 
Notes: +, –, and 0 denote that a study finds a positive preference, a negative preference, and no preference, respectively. 
Generally, these studies do not distinguish between smokers and nonsmokers. Superscripts S and NS are smokers and non-
smokers respectively. 
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Chapter 3. EXAMINING THE IMPACTS OF KEY E-CIGARETTE ATTRIBUTES ON 
CONSUMER DEMAND 
3.1 Introduction  
Heavy tobacco control policies have targeted specific product attributes (or 
characteristics) of tobacco products especially cigarettes. For example, the Food and 
Drug Administration (FDA) has the authority to set standards for cigarette nicotine and 
tar levels, ban flavored cigarettes with the exception of menthol, and require cigarettes be 
sold in packs of at least twenty. Unlike cigarettes, e-cigarettes face far fewer regulations. 
Beginning in August 2016, the FDA was given jurisdiction over e-cigarette regulation 
and has worked to level the playing field with cigarettes; for example, they implemented 
a mandatory nicotine and tobacco warning statement on e-cigarette product packages 
starting in 2018. The FDA also has the ability to regulate e-cigarette attributes. There is a 
critical need from both research and regulatory perspectives to understand how 
consumers perceive various e-cigarette attributes to acquire insight into the outcomes of 
current and potential regulations targeting e-cigarettes attribute(s). 
The aim of this paper is to examine consumer preference for key e-cigarette 
attributes. To achieve this aim, we apply a discrete choice model to Nielsen scanner data 
(the Nielsen Consumer Panel [NCP] data augmented with the retail scanner data) to 
investigate the impacts of e-cigarette flavor, nicotine strength, and type on consumer 
demand. Hundreds of e-cigarette flavors exist, including regular, menthol, fruit, and 
vanilla, etc. E-cigarettes also sell in different forms, such as disposable and refillable, in 
various counts per pack. Strength is measured by the amount of nicotine in milligrams in 
the e-liquid. We focus on these three attributes because these are the key defining 
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attributes of e-cigarettes, in addition to the brand. Figure 3-1 is an actual e-cigarette 
product package (cartridge). It illustrates how the three attributes−−namely real grape 
flavor, 2.0/ml nicotine strength, and refills type−−have prominent places on e-cigarette 
packages, centering around the brand. 
A recent systematic literature review on consumer preference for the 
aforementioned three e-cigarette attributes identified 66 articles in the literature of public 
health, tobacco control, and health economics (Zare, Nemati, and Zheng 2018). Most of 
these studies relied on focus groups, experiments, and surveys, and some used market-
level transaction data such as the Nielsen retail scanner data collected at the retailer level 
for descriptive analysis. None used consumer-level longitudinal purchase data. While 
experiments and surveys can allow us to gain insight into how consumers might respond 
to policies that are not implemented (e.g., graphic warning for e-cigarettes), these 
methods are known for a potential drawback of hypothetical bias—consumers might not 
behave in the same manner as they indicate in a survey or choice experiment.  
As the major contribution, our findings based on consumer purchase data 
regarding consumer preference for the three attributes will generate new as well as 
confirming insights obtained from focus groups, experiments, and surveys. The NCP data 
allow us to track households purchase of e-cigarettes, the attributes of the corresponding 
e-cigarette (e.g., brand, flavor, strength, and type), as well as household demographics 
(e.g., income level, race, and education). By matching the NCP data with the store-level 
retail scanner data (both from Nielsen), we created a unique dataset for 2013 through 
2017 that contains the competitive environment for shoppers, that is, prices for the 
alternative e-cigarettes available at each shopping trip in each market.  
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In addition to exploring e-cigarette users’ preference of different attributes, this 
paper also quantifies vapers’ loyalty (inertia) to brand as well as to these attributes in the 
spirit of brand and size loyalty explored in the seminal work conducted by Guadagni and 
Little (1983) for ground coffee. While the literature shows that older adults are more 
brand loyal than those under 25 to cigarettes (Cowie, Swift, Borland, Chaloupka, & Fong, 
2014), no analysis has yet provided to measure the attributes and brand loyalty of adult 
vapers to e-cigarettes. Our analysis aims to fill this void. 
Our empirical analysis based on a discrete choice model demonstrates that U.S. 
adult vapers prefer tobacco flavor the most, followed by menthol and fruit flavors. They 
also prefer medium nicotine strength over high strength and disposables over refillables. 
Such preference can vary over cigarette smoking status, purchase frequency, gender, 
race, and age such as frequent vapers like refillables while infrequent vapers like 
disposables. Adult vapers also display loyalty to e-cigarette brands, flavor, and nicotine 
strength. Several policy implications will follow from these results. 
3.2 Background and Literature  
3.2.1 Background 
E-cigarette is a type of electronic nicotine delivery system that first appeared in China in 
2003 and in the U.S. market in 2006 (Orellana-Barrios et al. 2015). These battery-
operated devices heat a liquid solution that typically contains nicotine, flavorings, and 
other chemicals in a cartridge. First-generation e-cigarette products (cig-a-like) mimic 
traditional cigarettes. Second-generation products are larger than cigarettes and could be 
either in pen-style or tank-style (vape pens or mods). This generation of e-cigarettes 
allows for refillable cartridges, and users can adjust their liquid. Users have more control 
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over the third-generation products, known as “personalized vaporizers.” The fourth-
generation products are shaped like USBs (pod-based) and contain pods with higher 
nicotine levels than previous ones (Hsu, Sun, and Zhu 2018). 
As e-cigarette popularity increased over time, especially among young adults, the 
U.S. FDA started developing new regulations regarding e-cigarette use. Although the 
FDA, under the Tobacco Control Act, has had regulatory power over tobacco products 
since 2009, it took the agency another seven years to gain regulatory power over e-
cigarette products. On August 8, 2016, the deeming rule took effect which expands the 
FDA’s regulatory power to cover e-cigarette products. In October 2017, the FDA 
established legislation that all for tobacco products, including e-cigarettes, manufacturers 
need to register with the FDA and provide the agency with a list of all products. In 
November of the same year, the FDA enforced the rules around labeling. In May 2018, 
the FDA required all the manufactures to provide a list of the ingredients.  
In August 2018, the FDA regulated the packaging of e-cigarettes products such 
that the packages and advertisements must contain an addictiveness warning statement, as 
appeared in Figure 3-1. The warning label, with a font size not lower than 12 and black 
color on a white background or vice versa must occupy at least 30% of the package’s 
display panels. Other proposed regulations include a ban of flavored e-cigarettes and age 
verification standers for online stores, to name a few.34 It is likely that future regulations 
can also target other e-cigarette attributes such as strength (e.g., a maximum strength).  
                                                 
3 For a complete review of the regulations timeline see: https://vaping360.com/rules-laws/fda-deeming-
regulations-timeline/ 
4 https://www.consumerreports.org/electronic-cigarettes/e-cigarette-restrictions-fda/ 
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In addition to the FDA regulations, some of the states and cities are trying to 
restrict or limit e-cigarette use. For example, San Francisco started banning e-cigarette 
sales since June 25, 2019. Hawaii is among the first states to prohibit sale, distribution, 
and purchase of e-cigarettes to/by a person under age 21.5 Michigan has become the first 
U.S. state to ban flavored e-cigarettes starting on September 4, 2019. In such an 
environment, the most popular e-cigarette brand, Juul decided to remove some flavored 
e-cigarettes from gas and convenience stores and close its Facebook/Instagram social 
media accounts and confine Twitter activity to non-promo communications, under the 
FDA’s campaign pressure in 2018.6 In addition, the tobacco giant Altria announced that it 
would discontinue most of its flavored e-cigarettes.7  
3.2.2 Literature 
A recent study indicates that approximately 15,600 different flavors sold online in 2016-
2017 (Hsu, Sun, and Zhu 2018). The same study shows that “tobacco” is the major flavor 
sold in the market, followed by “menthol,” “fruit,” and “candy” flavors. Previous studies 
found that the variety of e-cigarette flavors was one of the reasons adults use e-cigarettes, 
and flavors might enhance the experience of e-cigarette use (Soule, Nasim, and Rosas 
2016, Soule, Rosas, and Nasim 2016). Flavors also generate a price premium for e-
cigarettes by increasing consumers’ willingness to pay. In particular, a study of Florida 
smokers concluded that willingness to pay for a flavor-less e-cigarette was significantly 
less than that for the flavored product (Nonnemaker et al. 2016).   
                                                 
5 For a complete review of e-cigarette regulations by state see: 
https://publichealthlawcenter.org/resources/us-e-cigarette-regulations-50-state-review 
6 https://www.fda.gov/news-events/press-announcements/fda-launches-new-comprehensive-campaign-
warn-kids-about-dangers-e-cigarette-use-part-agencys-youth [Accessed June 2019]. 
7 https://www.tobaccofreekids.org/what-we-do/us/sale-age-21 [Accessed May 2019]. 
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A few studies investigate the preference of adults for different e-cigarette flavors. 
Harrell et al. (2017b) used a survey and found that tobacco flavor was common among 
dual user adults (e-cigarette and other tobacco products). A study of 33 countries mostly 
on ex- and current smokers showed that the most popular (or preferred) e-cigarette 
flavors in descending order are tobacco, fruit, and menthol (Dawkins et al. 2013). Other 
survey-based studies also show that older smokers are more interested in trying tobacco-
flavored e-cigarettes (Czoli et al. 2016), and the leading e-cigarette flavor is tobacco 
(Soneji, Knutzen, and Villanti 2019). 
The FDA has the regulatory power on e-liquid nicotine strength but does not 
impose any restrictions. Currently, there is no limit on the e-cigarette nicotine strength 
level (Pope et al. 2019). Previous studies show that nicotine concentration of e-liquids or 
e-juices varies considerably from 0 to even 87.2 mg/ml (Cheng 2014). National 
Academies of Sciences and Medicine (2018) provides a complete review of e-cigarette 
nicotine concentration and associated health consequences. Only a few studies examined 
adults’ preference for e-cigarette nicotine concentration levels. Dawkins et al. (2013), for 
instance, examined 33 countries and found that only 1% of the adult smokers exclusively 
used non-nicotine e-cigarettes and that the most popular concentration of nicotine was 18 
mg/ml. Zare, Nemati, and Zheng (2018) summarized the literature and found that non-
smokers and inexperienced vapers tended to prefer no nicotine or low nicotine e-
cigarettes and experienced vapers preferred medium and high nicotine. 
As to the type of e-cigarette, a study that examined top-selling e-cigarette 
websites found that most independent e-cigarette brands offered refillable type that might 
appeal more to experienced e-cigarette users or smokers wanting to quit (Hsu, Sun, and 
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Zhu 2018). Dawkins et al. (2013) found that about three-fourths of smokers used 
refillable type, which allows users to choose flavors and strength to mix their own liquid.  
Another strand of literature uses choice experiments to examine the effect of 
multiple e-cigarette attributes on e-cigarette choice and find that higher prices, health 
warnings, and reduced flavor availability have a negative effect on e-cigarette 
consumption (Choi et al. 2012, Clarke and Lusher 2017, Cooper, Harrell, and Perry 2016, 
Shang et al. 2017, Pesko et al. 2016, Czoli et al. 2016, Buckell, Marti, and Sindelar 2019, 
Marti et al. 2019). For example, Pesko et al. (2016) study shows that warning labels 
would likely reduce the number of adult smokers who would switch to e-cigarettes. Most 
recently, Marti et al. (2019) use a discrete choice experiment to investigate how adult 
smokers' demand for e-cigarette varies by different attributes such as health effects, 
effectiveness to quit smoking, use in public places, and price. Health concerns motivate 
adults’ smokers to use e-cigarette more than price or ability to smoke in public places.  
The current study contributes to the existing literature in that we combine both 
household-level and retail level datasets and examine consumer preference for the three 
key attributes at the same time. For the existing studies on e-cigarette attributes, none of 
them examined all the three major e-cigarette attributes (some focus on flavors while 
others focus on strength or a combination of two attributes). By including all major e-
cigarette attributes in the same model, our study allows a comparison of the impacts of 
flavor versus strength, etc.  
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3.3 Data Sources and Description 
We use the Nielsen Company’s household-based and retail scanner data as our primary 
data source.8 The data represents household purchases made by adults, and the NCP 
includes a sample of households who agree to scan in and transmit their store-bought 
(online included) food and beverage purchases weekly over at least ten months of a year. 
The Nielsen data includes quantities and prices of all store-bought foods (including 
beverages and tobacco products) recorded at the Universal Product Code (UPC) level and 
household characteristics such as household income, and household head education level, 
and race. The e-cigarette products we will analyze, include all products classified under 
the Nielsen product module “7467–electronic cigarettes – smoking”. We obtained the 
academic version scanner data through institutional subscription to the University of 
Chicago’s Booth School of Business, with a two-year lag, generating data for January 
2013 through December 2017. 
To address the limitation of some infrequently purchased products, based on the 
market share, we select a list of 23 products. This list consists of all UPCs with at least a 
1% share of total purchasing observations. These 23 products cover 60.16% of the total 
purchasing observations. The data now includes 1,239 households making a total of 
7,098 transactions on e-cigarette products, from mostly convenient, service, grocery, 
tobacco, drug, and discount stores. 
                                                 
8  Nielsen Homescan Consumer Panel Dataset includes samples of more than 40,000 nationally 
representative households in 52 U.S. markets and the nine remaining U.S. areas. Researchers own analyses 
calculated (or derived) based in part on data from The Nielsen Company (US), LLC and marketing 
databases provided through the Nielsen Datasets at the Kilts Center for Marketing Data Center at The 
University of Chicago Booth School of Business. The conclusions drawn from the Nielsen data are those of 
the researchers and do not reflect the views of Nielsen. Nielsen is not responsible for, had no role in, and 
was not involved in analyzing and preparing the results reported here. In the NCP, we did not observe any 
Juul sales and confirmed this with the data source. 
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The e-cigarette attributes of interests to this study in the data include brand (8 
brands), flavor (3 flavors), nicotine strength (3 levels), type (2 types), and price. The 
brands of these 23 products are Markten (seven products), Vuse (six products), Blu (four 
products), Nicotek (two products), 21st Century Smoke (one product), Fin (one product), 
Green Smoke (one product), and V2 (one product). The flavor is classified into three 
categories, including tobacco, menthol/mint, and fruit. Following the literature, we divide 
nicotine strength into three main levels including low (mg/ml<=12), medium 
(12<mg/ml<=18), and high (mg/ml>18) strength (e.g., Bhatnagar et al. 2014), and 
categorize type to disposable and refillable type (e.g., Etter 2016a).9  
Table 3-1 shows a summary by brand. From the 23 products, we observe that 11 
of these products have tobacco flavor, followed by menthol/mint (nine products), and 
fruit (three products). Most of these products are high in nicotine strength (14 products), 
and most of them are disposable (21 products). The last column shows the share of each 
product in our sample, and it indicates that Vuse brand has the highest market share 
(26.95%), followed by Markten (17.02%), and Blu (8.49%).  
Figure 3-2 shows the markets of our sample by county; as the purchase frequency 
becomes higher, the color of the county gets darker. The households in the sample have 
purchased at least one product during the study period. Overall, our sample includes e-
cigarette transaction data from the 49 states. The highest number of transactions occur in 
Letcher County in Kentucky, followed by San Diego County in California, and Brazos 
County in Texas. Summarizing by state, we observe that 50.60% of the transactions are 
                                                 
9 https://www.vapertrain.com/ [accessed June, 2019] 
38 
 
from eight states: Pennsylvania (10.42%), Texas (8.92%), Florida (6.79%), Kentucky 
(5.63%), California (5.34%), Georgia (4.56%), New Jersey (4.55%), and New York 
(4.38%), respectively. Looking at the distribution of purchase indicates that, during the 
study period, on average, each household purchased e-cigarettes 97 times, with the 
minimum of one purchase and a maximum of 330 purchases (Figure 3-3). 
One of the limitations of Nielsen household scanner data is that we do not observe 
all other alternatives that were available for the consumers when they made purchase 
decisions. This lack of information on alternatives, especially on prices will cause 
endogeneity and bias the estimations (Chintagunta, Dubé, and Goh 2005). In this study, 
we follow Chintagunta, Dubé, and Goh (2005) and combine the information on product 
choices in our sample, using both 2013-2017 NCP and aggregated retail scanner data for 
the relevant stores. We obtain price information for all the available alternatives from the 
Nielsen store-level retail scanner data. In this process, we matched the shopping trip 
month and used the information of the relevant stores in both data sets. The alternative 
products are available products in the market in a specific month. 
In regards to the regular cigarettes consumption in our sample households, we 
define two groups of e-cigarette consumers: ever-smokers and current smokers. Using the 
NCP dataset, we observe if any of the households in our sample also purchased 
cigarettes. The dummy variable “ever-smoker” is for households that purchased 
cigarettes at any time during our sample period. The dummy variable “current-smoker” is 
for a household, if we observe that during the same month of the e-cigarette transaction, 
the household also purchased cigarettes.  
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Table 3-2 displays the summary statistics for demographic and select other 
variables used in the estimation. The mean income among the sample households is 
$45,855, the average household size is 2.42, and around 14% of the sample are non-white 
households. The average price paid for an e-cigarette in our sample is $7.65, out of a full 
range between $0.59 to $30.38. As indicated in this table, 76.42% of the households in 
our sample purchased cigarettes at some point during the study period (i.e., ever-
smokers) and 36.96% of the households also purchased cigarettes in the same month they 
purchased e-cigarettes (i.e., current smokers).  
Figure 3-4 shows e-cigarette sales among these two groups. Ever-smokers started 
to outpace non-smokers in terms of e-cigarette purchases in late 2013 and early 2014. 
Since then, e-cigarette sales are higher among ever-smokers (approximately four times 
larger). Note that this information is only restricted to our sample dataset, which only 
covers adults from 2013-2017.  
3.4 Empirical Method and Results  
3.4.1 Model 
We chose multinomial logit models to identify how product attributes affect the choice of 
e-cigarettes. Specifically, we assume that consumers’ choice of e-cigarette products is a 
function of e-cigarette specific attributes (flavor, strength, type, brand, and price), 
consumer-specific characteristics (e.g., income, education, race, smoking status), and the 
purchase history denoted as brand, flavor, strength, and type loyalty: 
(1)  Consumer choice of e-cigarette products = F (Flavor, Strength, Type, Brand, Price, 
Consumer characteristics, Loyalty). 
The probability of household i buying product j in time t is:  
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(2) Prob (household i purchases product j at time t) =
𝑒𝑥𝑝(𝜔𝑝𝑖𝑗𝑡+𝝋𝑫𝒊𝒕+𝜷𝑨𝑗+𝜹𝑳𝑖𝑗𝑡)
∑ 𝑒𝑥𝑝(𝜔𝑝𝑖𝑘𝑡+𝝋𝑫𝒊𝒕+𝜷𝑨𝑘+𝜹𝑳𝑖𝑘𝑡)
𝑀𝑖𝑡
𝐾=1
 
where Mit denotes the number of products available for household i in time t (up to 23 in 
our case, and varies over market and time); pijt indicates the price of product j faced by 
household i in time t; Dit represents a vector of household demographics (estimated 
through interaction with product-specific intercepts, standard procedure in the discrete 
choice model estimation); Aj is a vector of product attributes (brand, flavor, strength, and 
type); and Lijt = [lbijt, lfijt, lsijt , ltijt] is a vector of loyalty variables in which the 
components measure consumer loyalty to brand, flavor, strength, and type, respectively. 
The vectors of parameters to be estimated are ω, φ, β, and δ. 
We follow Guadagni and Little (1983) to define loyalty measurement as the 
repetition of the previous purchasing behavior. Thus, flavor loyalty takes the value of one 
if the current flavor option was purchased in the previous transaction. The other three 
loyalty measures are defined in a similar fashion.   
3.4.2 Estimation Results 
The estimation results of the model are reported in Table 3-3. Consumers’ choice of e-
cigarette products is the dependent variable. In all of the specifications, we cluster 
standard errors at the household level that accounts for within household serial 
correlation in the error term. In the first specification, we include four main e-cigarette 
attributes: price, flavor, strength, and type. Loyalty variables are included in the second 
specification. The third specification further includes brand fixed effects and household 
demographic variables namely income, race, and education and becomes our preferred 
specification (as a likelihood ratio test for this specification versus the former two 
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suggests). Controlling for brand fixed effects reduces potential bias in our estimates by 
accounting for time-invariant unobservable characteristics that are specific to each brand 
and are correlated with the choice of e-cigarette products. The last specification includes 
flavor-strength interactions.  
 Focusing on the preferred specification, column (3), we first found that the price 
variable is negative and statistically significant (we use 5% as the default level). The 
alternatives with lower prices are more likely to be chosen, holding everything else equal. 
The last column of Table 3-1 shows the estimated price elasticities of demand, ranging 
from -1.72 for Vuse Menthol to -3.35 for Blu Menthol. The average value is -2.40. Our 
price elasticities are well in line with the scant elasticity estimates in the literature, largely 
-1.20 to -1.90 by Huang, Tauras, and Chaloupka (2014), -2.77 by Zheng et al. (2016), and 
-2.05 by Zheng et al. (2017). All these three studies used the Nielsen retail scanner data. 
We find that adults prefer tobacco flavor the most, followed by menthol, and then 
fruit flavor.10 These findings are in agreement with the previous studies that find adults 
prefer tobacco flavored e-cigarettes over fruit or menthol flavors (e.g., Soneji, Knutzen, 
and Villanti 2019, Zare, Nemati, and Zheng 2018). For the nicotine strength level, results 
suggest that adults prefer products with medium strength level over high level. They are 
also less likely to choose refillable e-cigarettes compared to disposables. These findings 
are in contrast with Buckell and Sindelar (2019) study that shows young adults (aged 18-
22 years) prefer refillable e-cigarettes to disposable ones.  
                                                 
10 Although the estimates for fruit and menthol are not statistically different from each other. 
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Estimates for loyalty effects are positive and significant, except for type loyalty. 
E-cigarette consumers are brand, flavor, and strength loyal. Results for brand loyalty is 
consistent with the findings in the cigarette literature (e.g., Dawes 2014, Wakefield et al. 
2002, Siegel et al. 1996). Also, findings indicate that consumers are attached to the flavor 
and strength level of the e-cigarette products—vapers have inertia to continue purchasing 
the same flavor and nicotine strength level.  
Most of the previous studies do not consider the interaction between e-cigarette 
attributes, with a few exceptions. Goldenson et al. (2016a) show that nicotine does not 
interact with flavor effects on appeal to young adults. On the other hand, Rosbrook and 
Green (2016) and Krishnan-Sarin et al. (2017) show evidence of positive nicotine and 
menthol interaction for adults and young adults, respectively. Specifically, Rosbrook and 
Green (2016) show that menthol can reduce perceived airway irritation and harshness for 
high nicotine strength. In our last specification, we add interaction terms between flavor 
and strength variables. The estimate for the interaction term between menthol flavor and 
medium strength is negative and significant. This indicates that adults’ favorable 
preference for medium over strong strength becomes attenuated when the flavor is 
menthol, echoing findings in the two previous studies. 
3.4.3 Ever- and Current-Smokers   
The preference for e-cigarette attributes might be different depending on smoking status, 
as the literature suggests (Zare, Nemati, and Zheng 2018). Specifically, their review 
concludes that smokers prefer tobacco favors and high nicotine levels. For example, 
Dawkins et al. (2013) found that tobacco flavor is the most popular flavor among ex- and 
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current smokers. Czoli et al. (2016) study showed that older smokers and Berg (2016) 
showed that current smokers are more interested in trying tobacco-flavored e-cigarettes.  
In Table 3-4, we present the results based on the preferred specification (column 
[3] in Table 3-3) for ever-smokers, current smokers, and non-smokers, respectively. 
Results confirm the literature with a striking resemblance. We found that the preference 
for tobacco flavor is driven by ever- and current smokers. Non-smokers have no 
preference over any flavor. Furthermore, non-smokers have a preference over medium 
strength while ever-and current smokers do not. Non-smokers do not show loyalty to 
strength. 
4.4 Heterogeneous Preference by Purchase History and Demographics 
Table 3-5 presents sub-sample analysis by vapers’ purchase history (below versus above 
average purchase frequency), age (less than versus larger than 65), gender, and race 
(white versus African American). We found that for vapers with above average purchase 
frequency (likely experienced vapers) have a stronger preference for tobacco flavor and 
prefer refillables. This suggests the overall preference for disposables found in Table 3-3 
is largely driven by less frequent users, confirming the literature findings.  
 Estimating the sample by age yields little heterogeneous preference; however, 
estimating by gender provides interesting results. Because Nielsen reports gender at the 
household head level, we only focus on households that have one member so that the 
purchaser is the household head. Accordingly, the sample size is much smaller. Female 
vapers prefer medium strength over tobacco, while male vapers do not have such 
preference. Female vapers also like disposables (likely it is much easier to fit them into a 
purse). These findings are very consistent with the findings obtained by an online survey 
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by Piñeiro et al. (2016) that men tend to use higher nicotine doses and women prefer 
disposable e-cigarettes.  
As to race, we found that African Americans do not prefer tobacco over menthol 
flavor, do not prefer medium over strong strength, and are more likely to switching types 
(not loyal to type). White vapers do not have a preference over type. Lastly, we present a 
comparison of this study findings with the literature in Table 3-6, highlighting the 
resemblances and new insights. 
3.5 Concluding Remarks 
As policymakers continue to expand regulations to address rising concerns around e-
cigarette use, understanding the consumer preference for different attributes of this 
product will provide useful insights to policymakers. This study develops an innovative 
dataset by combining Nielsen household and retail scanner data and applies a discrete 
choice econometric model to examine how adult vapers prefer flavor, nicotine strength 
level, and type. By including several key e-cigarette attributes in the same model, our 
study allows a comparison of the impacts (e.g., flavor versus strength), which is 
overlooked in the previous studies. In addition, we examine vapers’ loyalty to brand plus 
different attributes.  
We generate many results that confirm and supplement the current literature. 
Several policy implications follow from this study. First, we provide product specific 
price elasticities of demand, which are all quite elastic and much larger than the 
counterpart for cigarettes (normally -0.5, summarized by Zheng et al. (2017)). Cigarette 
tax has been proven to reduce the smoking rate in the last several decades. Many states 
such as North Carolina already started to tax e-cigarettes. This suggests taxing will 
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effectively curb the popularity of e-cigarette use, at a faster rate than does it for 
cigarettes.   
Second, our results on flavor preference imply that a flavor ban will likely have a 
relatively larger impact on adolescents and young adults than adults because adult vapers 
prefer tobacco flavor the most. Banning fruit and even menthol flavors will not affect 
much adult demand. However, such a ban will likely significantly reduce the rising 
popularity of e-cigarettes among adolescents and young adults because of their 
preference (Zare, Nemati, and Zheng 2018). 
Third, our analysis on nicotine strength suggests a maximum or minimum level of 
nicotine content (Canada has already such policy) will not affect much adult demand 
because they overall prefer medium strength. However, restrictions on flavor or nicotine 
strength will lead to heterogeneous responses because vapers’ preferences vary by adult 
smoking status, purchase history, and demographics. For example, a maximum nicotine 
strength will most likely affect male vapers or smokers. Overall, the model developed in 
this study can easily be used by other researchers to conduct a variety of policy 
simulations, including a tax, a flavor ban on fruit and/or menthol, a maximum or 
minimum level of nicotine content, etc. The advantage of modeling these attributes in the 
same model is that it allows for a combination of policy scenarios such as a flavor ban 
and nicotine cap at the same time. Finally, we acknowledge that as the limitations of the 
study, we only focus on the adult population. Our results on preference do not naturally 
extend to adolescents and young adults. 
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Figure 3-1 21st Century Smoke E-Cigarette Cartridge Package 
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Figure 3-2 Purchasing Frequency by County (2013-2017). 
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Figure 3-3 E-Cigarette Purchasing Frequency during 2013-2017. 
Notes: Red dashed line indicates the average, which is 67.09. The minimum is one 
purchase and the maximum is 330.  
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Figure 3-4 Total E-Cigarette Sales among Ever- and Non-Smokers in the Sample. 
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Table 3-1 Summary of Data Availability and Associated Attributes  
ID Brand Flavor Strength Refill 
 
Frequency 
 
Share 
Estimated price 
elasticity 
1 Vuse Tobacco 3 0 1729 14.65% -1.90 
2 Vuse Menthol 3 0 683 5.79% -2.26 
3 Markten Tobacco 3 0 602 5.10% -2.30 
4 Markten Menthol 3 0 540 4.58% -2.35 
5 Blu Tobacco 1 0 512 4.34% -3.27 
6 Vuse Tobacco 3 0 281 2.38% -1.99 
7 Markten Menthol 3 0 241 2.04% -2.14 
8 Blu Menthol 1 0 219 1.86% -3.35 
9 Nicotek Tobacco 2 0 202 1.71% -1.74 
10 Markten Tobacco 3 0 190 1.61% -2.23 
11 Vuse Menthol 3 0 178 1.51% -1.72 
12 Markten Tobacco 3 0 168 1.42% -2.24 
13 Markten Menthol 3 0 161 1.36% -2.47 
14 Vuse Menthol 3 0 161 1.36% -2.28 
15 Green Fruit 2 1 156 1.32% -1.93 
16 Blu Fruit 1 0 150 1.27% -3.24 
17 Vuse Fruit 3 0 148 1.25% -2.42 
18 Fin Tobacco 2 1 144 1.22% -1.94 
19 Nicotek Menthol 2 1 142 1.20% -2.78 
20 V2 Cig Menthol 2 0 142 1.20% -2.46 
21 21st Tobacco 2 0 123 1.04% -2.52 
22 Blu Tobacco 2 0 121 1.03% -2.80 
23 Markten Tobacco 3 0 106 0.90% -2.81 
Total - - - - 7,098 60.16% Avg.=-2.40 
Notes: Total market share is 26.95% for Vuse, 17.02% for Markten, 8.49% for Blu, 
2.92% for Nicotek, 1.32% for Green, 1.22% for Fin, 1.20% for V2 CIG, and 1.04% for 
21st.  
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Table 3-2 Summary Statistics Averaged Across Trips. 
Variables   Mean S.D.   Min Max 
Household income ($)   45,855.73     29,256.94  5,000 100,000 
Household size  2.42 1.25  1   9 
Age of the household head 
Male 52.63 10.41 25 65 
Female 51.73 9.37 25 65 
Education of the household head 
Male 1.63 0.54 1 3 
Female 1.75 0.58 1 3 
Race of the household head Caucasian 85.99 - - - 
African 
American 
4.69 - - - 
 Asian 0.89 - - - 
Other 
races 
8.51 - - - 
Price ($)  7.65 3.04 0.59 30.38 
Ever-Smoker (%)  76.42 42.45 0 1 
Current-Smoker (%)  36.96 48.28 0 1 
Purchasing Frequency   67.09 81.15 1 330 
Notes: Total number of households in our sample is 1,239. Income (a category variable) is 
measured in U.S. dollars. Education is defined in 3 levels (high school or less = 1; college = 2; 
and graduate school = 3). The race variables indicate the percentage in the sample.  
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Table 3-3 E-cigarette Choice Multinomial Logit Estimation Results. 
 (1) (2) (3) (4) 
Price -0.329*** -0.354*** -0.359*** -0.359***  
 (0.035) (0.034) (0.046) (0.046) 
Flavor (base: tobacco)     
Fruit -0.352 -0.407 -1.216*** -1.207***  
 (0.451) (0.261) (0.385) (0.413) 
Menthol -0.470** -0.424** -0.817*** -0.834*** 
 (0.214) (0.181) (0.308) (0.305) 
Strength (base: high)     
Low 0.585** 0.458* 0.385 0.330  
 (0.230) (0.275) (0.621) (0.695) 
Low × Fruit    -0.007 
    (0.684) 
Low × Menthol    0.234  
    (0.611) 
Medium 1.008*** 1.235*** 1.169* 3.940***  
 (0.357) (0.225) (0.523) (0.683) 
Medium × Fruit§    - 
Medium × Menthol    -2.762***  
    (0.835) 
Refill (Yes = 1) 0.523 0.920** -3.848*** -1.069  
 (0.562) (0.423) (0.890) (0.755) 
Brand Loyalty  2.904*** 2.484*** 2.484*** 
  (0.176) (0.177) (0.177) 
Flavor Loyalty  2.612*** 2.487*** 2.483*** 
  (0.194) (0.182) (0.184) 
Strength Loyalty  1.254*** 1.299*** 1.299*** 
  (0.352) (0.334) (0.334) 
Type Loyalty  0.433 0.395 0.395 
  (0.531) (0.550) (0.550) 
Observations 92,086 74,836 71,603 71,603 
Number of purchases 7,098 5,735 5503 5,735 
Log-likelihood -15951.846 -5963.114 -5178.614 -5180.184 
Brand Fixed Effects NO NO YES YES 
Household Demographics  NO NO YES YES 
Notes: Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
§No observations are available for this category.  
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Table 3-4 Heterogeneous Preferences by Smoking Status. 
 Ever-Smokers Current- Smokers Non-Smokers 
 (1) (2) (3) 
Price -0.350*** -0.397*** -0.453*** 
 (0.054) (0.055) (0.067) 
Flavor (base: tobacco)    
Fruit -1.178*** -1.593*** -0.946 
 (0.417) (0.443) (0.831) 
Menthol -1.036*** -0.639** 0.397 
 (0.351) (0.270) (0.446) 
Strength (base: high)    
Low 0.336 0.312 -0.181 
 (0.670) (0.672) (0.785) 
Medium 1.148 1.109 14.644*** 
 (0.823) (0.786) (1.476) 
Refill (Yes = 1) -3.652*** -5.604*** -6.664*** 
 (1.214) (1.878) (1.806) 
Brand Loyalty 2.366*** 2.126*** 3.343*** 
 (0.183) (0.222) (0.636) 
Flavor Loyalty 2.403*** 2.282*** 2.679*** 
 (0.206) (0.161) (0.385) 
Strength Loyalty 1.245*** 1.648*** 0.689 
 (0.373) (0.365) (0.731) 
Type Loyalty -0.124 1.003 1.372 
 (0.581) (0.870) (1.042) 
Observations 57,186 25,060 14,417 
Number of purchases 4,310 1,866 1,193 
Log-likelihood -4403.358 -1888.552 -658.949 
Notes: Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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Table 3-5 Heterogeneous Preferences by Purchase History and Demographics. 
 Purchase  
Freq.=<67 
Purchase  
Freq.>67 
Age < 
 65 
Age >= 
 65 
Female  Male White African-
American 
 (1) (2) (3) (4) (5) (6) (7) (8) 
Price -0.496*** -0.155*** -0.404*** -0.202** -0.535*** -0.489*** -0.334*** -0.703*** 
 (0.041) (0.049) (0.051) (0.100) (0.100) (0.096) (0.0497) (0.160) 
Flavor (base: tobacco)         
Fruit -0.355 -2.064*** -1.097*** -1.164** -2.347*** -1.693*** -1.115*** -1.176** 
 (0.403) (0.525) (0.281) (0.581) (0.657) (0.417) (0.381) (0.554) 
Menthol -0.329* -1.495*** -0.512** -1.894** -1.008* -1.230*** -0.839** -0.543 
 (0.194) (0.547) (0.245) (0.853) (0.598) (0.430) (0.357) (0.508) 
Strength (base: high)         
Low 0.144 -0.744 -0.588 0.849 0.631 -0.100 -0.244 1.419 
 (0.542) (0.781) (0.600) (0.554) (0.925) (0.869) (0.465) (1.534) 
Medium 0.142 1.227 -0.278 -0.058 3.937*** 0.602 1.314*** 4.035 
 (1.224) (1.010) (1.044) (0.838) (0.763) (1.170) (0.310) (2.809) 
Refill (Yes = 1) -9.896*** 8.452*** -1.927* -3.796*** -8.505*** -0.887 0.149 -15.854*** 
 (0.976) (2.740) (1.158) (1.038) (1.283) (1.506) (0.729) (2.480) 
Brand Loyalty 1.976*** 3.147*** 2.565*** 2.304*** 2.602*** 3.171*** 2.523*** 2.031*** 
 (0.133) (0.426) (0.218 (0.258) (0.480) (0.439) (0.178) (0.435) 
Flavor Loyalty 2.122*** 2.778*** 2.413*** 2.734*** 2.545*** 2.582*** 2.495*** 2.223*** 
 (0.147) (0.418) (0.179) (0.442) (0.302) (0.268) (0.200) (0.257) 
Strength Loyalty 2.321*** 0.326 2.029*** 0.195 1.442** 0.403 1.218*** 3.079** 
 (0.279) (0.489) (0.319) (0.471) (0.632) (0.724) (0.349) (1.464) 
Type Loyalty -0.280 1.251* 0.543 0.932 6.663*** -1.625** 0.424 -2.339** 
 (0.661) (0.791) (0.651) (0.759) (0.940) (0.804) (0.543) (1. 091) 
Observations 35,862 37,822 57.770 13,833 5,324 7,484 64,817 3,351 
Number of purchases 2,842 2,846 4,599 904 405 568 4942 248 
Log-likelihood -2916.299 -2016.647 -4126.217 -955.915 -339.119 -462.920 -4674.565 -249.248 
Notes: Clustered standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Table 3-6 A Comparison of this Study Findings with the Literature 
 Findings Consistent with 
Literature 
 Novel Findings of this Study 
Price E-cigarette is price elastic.  Product-specific elasticity ranges from -1.72 to -
3.35. 
Flavor Adults prefer tobacco flavor.  Preference order in the U.S.: tobacco, menthol, and 
fruit, largely driven by smokers or frequent vapers. 
Nicotine Strength Smokers prefer high strength.   Non-smokers, female, or white vapers prefer 
medium strength. 
Flavor*Strength Positive menthol*nicotine 
interaction. 
 Menthol flavor attenuates preference for medium 
strength. 
Type Frequent vapers like refillables.  Female vapers or African Americans prefer 
disposables. 
Loyalty  Literature is blank on this.  Adults are loyal to brand, flavor, and strength. 
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Chapter 4. USE OF MACHINE LEARNING TO DETERMINE THE 
INFORMATION VALUE OF A BODY MASS INDEX PROGRAM    
4.1 Introduction  
Childhood and adolescent obesity in the United States has more than tripled in the past 40 
years. Estimates from 2011-2012 National Health and Nutrition Examination Survey 
(NHANES) indicate that 31.8% of children and adolescents in the US are obese or 
overweight. The same survey results reveal that obesity rate among 2-5 years old children 
is 8.4%, and this increases to 17.7% among 6-11 year-olds and 20.5% among 12-19 years 
old children (Hales et al. 2018). 
Childhood obesity is associated with other related short term health consequences 
(e.g., psychological consequences, cardiovascular risk factors in childhood) as well as 
long term consequences such as worse social and economic outcomes, adult morbidity 
and risk of premature mortality (Biro and Wien 2010, Reilly et al. 2003). Moreover, 
obese children are more likely to also become obese adults (Serdula et al. 1993).  The 
economic impact of obesity in the US was estimated to be around 99 billion dollars in 
1995, including direct medical costs and indirect costs such as lost productivity (Wolf 
and Colditz 1998). Other studies also show that a one-unit increase in BMI translates to a 
1.9% increase in median medical expenditure (Pronk et al. 1999, Wolf 2002). More 
recent studies find that cost of obesity could be as high as $147 billion a year for adults 
and $14.3 billion a year for children-- i.e., 10% of all medical spending (Hammond and 
Levine 2010, Finkelstein et al. 2009). 
In 1998, the US government declared childhood obesity to be an epidemic, and in 
2001, the US Surgeon General issued a call for action to encourage specific actions 
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regarding this public health issue (Ikeda, Crawford, and Woodward-Lopez 2006). In 
response to this call, Arkansas implemented both a surveillance and a screening program 
in 200311. This program is known as “Act 1220” and is the first legislation that requires 
public schools to measure BMI of all the students and provide confidential letters known 
as “Child Health Reports” for the parents/ guardians (Figure 4-1) (Raczynski et al. 2009, 
Gee 2015) . Since that time, other states have implemented some variation of this 
legislation in the form of surveillance or screening programs. Surveillance program 
focuses on the aggregate levels and identifies the percentage of the students in the school 
or the school district who are underweight, healthy weight, overweight, or obese. 
However, the screening program provides parents with information on their child’s BMI 
category. As of 2014, at least 25 states12 have passed variations of this legislation 
requiring public schools to screen students’ BMI. Eleven of these states13 also require 
public schools to provide health reports to parents/guardians. BMI screening or 
surveillance legislation is also pending in Kentucky and New Jersey and was proposed 
but failed to pass in Montana and New Hampshire (Thompson and Madsen 2017, 
Ruggieri and Bass 2015).  Figure 4-2 highlights some of the significant events and 
policies over the years.  
BMI screening programs could reduce childhood obesity by raising awareness 
among parents of children with unhealthy weight status and thereby enabling parenting 
                                                 
11 State of Arkansas, 84th General Assembly, Regular Session. Act 1220 of 2003. HB 1583. 
12 Alabama, Arkansas, California, Delaware, Florida, Georgia, Illinois, Iowa, Louisiana, Main, 
Massachusetts, Mississippi, Missouri, Nebraska, Nevada, New York, North Carolina, Ohio, Oklahoma, 
Pennsylvania, South Carolina, Tennessee, Texas, West Virginia, Vermont.  
13 Alabama, Arkansas, Delaware, Georgia, Illinois, Massachusetts, New York, Oklahoma, Pennsylvania, 
South Carolina, Tennessee. 
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practices that are conducive to healthy body weight.  However, evidence on the 
effectiveness of screening programs is mixed. Almond, Lee, and Schwartz (2016) used a 
regression discontinuity design to evaluate the impact of overweight reports on girls 
enrolled in the New York City public schools.  They obtained precise but small estimates 
indicating that children labeled as overweight in one period were not meaningfully more 
likely to have lower BMI or weight in the subsequent year relative to children labeled as 
normal weight. Prina and Royer (2014) conducted an experimental screening program in 
Mexico and found that BMI reports effectively transmitted obesity information to parents 
but did not meaningfully alter parental behaviors.   
Overall, the utility of BMI-screening programs is an issue. Parent focus groups 
formed to evaluate the content of parental notification letters from the Massachusetts 
program raised concerns regarding the novelty of information provided and whether BMI 
was a valid metric to determine the healthy weight (Moyer et al. 2014). Some have raised 
concerns about unintended consequences such as stigmatization and body dissatisfaction 
(Ikeda, Crawford, and Woodward-Lopez 2006). However, evidence suggests that these 
concerns have not materialized, at least in the Arkansas BMI screening program that is 
the focus of this study (Gee 2015, Thompson and Card-Higginson 2009). 
Earlier studies have focused on the quality of reports and direct benefits (in terms 
of improved weight outcomes) of reporting to parents.  While this is clearly important, 
BMI screening programs also provide longitudinal data that facilitate a better 
understanding of childhood obesity, its causes, and the effectiveness of efforts to promote 
healthier childhood bodyweight (Thompson and Card-Higginson 2009). The purpose of 
this study is to assess the informational value of the Arkansas BMI screening program, 
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the nation’s first and longest running program. No other study has examined the potential 
for BMI screening programs to identify at-risk children. 
We employ a machine learning algorithm, a random forest, to identify the 
importance of BMI information during kindergarten (age 5-6 years) on predicting 
children most likely to be obese by the 4th grade (age 9-10 years).  Specifically, we wish 
to know if BMI information during kindergarten from the screening program is more 
informative in predicting obesity than other predictors that could be observed in absence 
of the screening program. Obesity rates tend to be lower in kindergarten, but increase 
between kindergarten and 4th grade and then remain relatively stable through 
adolescence.  This general pattern can be observed in both the Arkansas data described 
below and the national data. 
 In this study, we use machine learning methods and BMI information during 
kindergarten (age 5-6 years) to predict the children most likely to be obese by the 4th 
grade (age 9-10 years).  As previously mentioned, obesity rates tend to be lower in 
kindergarten, but the increase between kindergarten and 4th grade and then remain 
relatively stable through adolescence.  Given earlier findings from the literature, we use 
demographic, socioeconomic, and environmental factors to predict obesity likelihood in 
children. One of the criticisms of school-based BMI screening programs is that they are 
not effective in improving students' BMI or reducing childhood obesity (Ikeda, Crawford, 
and Woodward-Lopez 2006, Evans and Sonneville 2009, Soto and White 2010). If we 
can reasonably predict if a child in kindergarten will become obese by 4th grade using 
60 
 
kindergarten BMI z-score14 as a predictor, then this will allow appropriate interventions 
to be targeted more accurately to kindergarten children who have high likelihood of 
becoming obese in a few years. Importantly, this will also provide evidence of the merits 
of early BMI screening programs in public schools. 
4.2 Data 
The BMI panel dataset we used in our study reflects the population of Arkansas public 
schoolchildren from 2003/2004 through 2018/2019 academic years. BMI is calculated as 
(weight in pounds) ÷ (height in inches)2 × 703. BMI measures are converted to age- and 
sex-specific z-scores, according to the Centers for Disease Control and Prevention (CDC) 
guidelines.15  Weight status measures used in this study are based on the child’s BMI 
relative to the CDC reference growth charts with obesity being defined as BMI ≥ 95th 
percentile.  
In addition to the BMI, the BMI panel contains information on the child’s race, 
ethnicity, school meal status (whether the child qualified for free or reduced-price school 
meals), language spoken at home, grade in school, school of attendance, and census block 
of residence. These data can also be linked to characteristics of children’s census block 
groups that permit neighborhood measures of income, poverty, racial and ethnic 
composition, educational attainment, housing, and family from the American Community 
                                                 
14 BMI Z-score, also called BMI standard deviation score is measure of relative weight adjusted for child 
age and sex. 
15 See https://www.cdc.gov/healthyweight/assessing/bmi/childrens_bmi/about_childrens_bmi.html  
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Survey to be added to the BMI panel. Each of these is used to form predictive variables 
(known as features in machine learning parlance). 
Figure 4-3 presents the percentage of obese students in different grades. As 
indicated in this figure, around 16% of students are obese during the kindergarten, but 
this problem gets much worse by the 4th and 6th grade, as around a quarter of the students 
are obese in these grades.  
In this paper, we use only data from students in the kindergarten and 4th grade. 
Table 4-1 presents the summary statistics of students in the kindergarten using student-
level data from ACHI, block-group level data from the American Community Survey, 
and different measures of food-retail access for the child’s census block compiled by our 
research team.  The average BMI z-score of each student in the kindergarten grade is 
0.71, with -0.3.99 being the minimum 3.28 as the maximum score. Slightly under half (49 
percent) of the students in our sample are girls. Most of the students’ native language is 
English, and only 8 percent speak Spanish. In our sample, 22 percent of the students are 
African-American and ten percent Hispanic. Half of the students in the sample qualified 
for free school meals, and ten percent qualified reduced-price school meals. The 
unhealthy food stores indicator shows that students live close to, on average, 22 
unhealthy food stores, e.g., fast food, convenience stores. Twenty-five percent of the 
students live in a lower income neighborhood without a supermarket or large grocery 
store within one and ten miles of a rural or urban census block.  
Table 4-2 presents summary statistics for community features. Thirty-three 
percent of the students live in single-parent households, the majority of these being in 
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single-parent female households. Median household income at the block group level is 
$41,470, with 19% of the block groups having income below the poverty level. Median 
home value is $103,050, and 65% of the students live in an urban neighborhood. Seven 
percent of the households do not own a vehicle, and 66% of the students have mothers 
who work outside the home. This table also presents additional summary statistics on 
parents’/guardians’ educational level, race, and native languages.  
4.3 Methods 
As noted above, we train random forests to predict obesity by the 4th grade.  The Random 
Forest approach was developed by Breiman (2001). This method has been applied in a 
wide range of fields such as bioinformatics, economics, and ecology, to name a few 
(Larivière and Van den Poel 2005, Prasad, Iverson, and Liaw 2006, Jiang et al. 2004, 
Buckinx and Van den Poel 2005). Previous studies indicate that the Random Forest 
method provides high accuracy, is robust to noise, and is highly stable compared to other 
methods (Breiman 2001, Criminisi, Shotton, and Konukoglu 2012, Liaw and Wiener 
2002). Other advantages of this method include higher efficiency in terms of 
computational time (Buckinx and Van den Poel 2005) and ease of use (Larivière and Van 
den Poel 2005).  
The outcome variable in this study is a binary indicator for whether the child was 
obese in the 4th grade. The goal is to use a random forest as a machine supervised 
learning method to classify if students belong to an obese or not obese category, i.e., 
predicting the probability of being obese in the 4th grade.  
Random Forest is based on N random decision trees with two types of 
randomness in the trees.  First, at the tree level, each tree grows based on the random 
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sample of the original dataset.  Second, at the node level in each tree, a subset of features 
is randomly selected to generate the best split. If we define each tree as 1 to N and p-
dimensional vector of features as X, then we have: 
(1) 𝑇1(𝑋), … . , 𝑇𝑁(𝑋) where 𝑋 = [𝑥1, … , 𝑥𝑝] 
Each tree in 𝑇1, … . , 𝑇𝑁 is based on the random sample of the original dataset and nodes in 
each tree is based on random sample of features (𝑋). In other words, Random Forest is 
composed of an ensemble of randomly trained decision trees (Criminisi, Shotton, and 
Konukoglu 2012). Each tree is trained independently and, the ensemble produces N 
outputs [?̂?1, … , ?̂?𝑁]. The final prediction (?̂?) is based on the aggregated output of all trees 
(Svetnik et al. 2003), which is the class predicted by the majority of the trees. To 
implement the Random Forest, first we randomly split one-third of the data as a test set 
for the purpose of out-of-sample prediction, and two-thirds as train set. We use 10-fold 
cross-validation on the train dataset. The steps for building the decision trees using the 
training dataset are as follows: (i) draw a random sample with replacement (bootstrap 
sample) from the train dataset, (ii) grow a tree using subset of features (i.e., independent 
variables) and define the best split at each node, (iii) repeat the process until N trees are 
grown. Random Forest uses a similar method as Bagging to select the best split at each 
node and CART tree growing algorithm (Breiman 1996a, 2017). 
Because of data limitations, most of the machine learning methods use a type of 
cross-validation to measure the performance (Hawkins, Basak, and Mills 2003). Random 
forest uses cross-validation in parallel with the training step by using out-of-bag (OOB) 
samples (Breiman 1996b) (also known as out-of-sample subset in economics). 
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Specifically, we split one-third of the data as the test set, and two-thirds as train set and 
then conduct a10-fold cross-validation on the train data. For 10-fold cross-validation, the 
train set data will be split into 10 folds, one fold is validation, and the rest of the folds 
form the train. For example, the first 10 percent of the train set data will be validation, 
and the rest are trained, and for the next time, the second 10 percent of the data is 
validation, and the rest are trained and so on. Each time we will have the optimal number 
of trees and the accuracy, then we choose the number of trees that makes the highest 
accuracy, and with that number of trees, we test and drive the accuracy. 
We evaluate different models with “true positives (TP),” “true negatives (TN),” 
“false positives (FP),” and “false negatives (FN)” criteria. Positive in our models means 
not-obese and accordingly negative means obese. TP and TN are the numbers of correctly 
classified students, and FP and FN are defined as the number of incorrectly classified 
observations as depicted in Figure 4-4. To better illustrate these terms, let us look at two 
students in 4th grade; student A is not obese, and student B is obese. If the Random Forest 
model classifies Student A as not obese, this is an example of TP; if the model classifies 
him/her as obese, then this an example of FN. Similarly, if the model classifies student B 
as obese, then this is an example of TN, and if the model classifies him/her as not obese, 
then this is an example of FP. Random forest uses prediction accuracy as a measure of 
the performance. This measure evaluates what percentage of the observations are 
correctly classified by the model using the following equation: 
(2) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁
𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
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We also use sensitivity and specificity as the other two measures of performance. 
Sensitivity is the ratio of TP to TP and FN. In our case, sensitivity measures the 
proportion of not obese students that are correctly classified. Specificity is defined by the 
ratio of TN to FP and TN, which measures the proportion of obese students that are 
correctly classified.  These two measures indicate how aggressive or conservative the 
Random Forest model is in classifying students.  
(3) Sensitivity =  
𝑇𝑃
𝑇𝑃+𝐹𝑁
 
(4) Specificity =  
𝑇𝑁
𝑇𝑁+𝐹𝑃
 
The sensitivity and specificity measures allow a deeper understanding of the 
performance trade-offs. For instance, a model that has a higher accuracy in predicting 
obese students is preferred to a model with higher accuracy in predicting not-obese 
students but lower accuracy in predicting obese students. In other words, higher 
specificity is more important than higher sensitivity in this study. We use the 
“randomForest” package in the R statistical programming language to build our trees 
(Liaw and Wiener 2002). Additionally, we use the default criteria in the “randomForest” 
package for growing trees where we use 10-fold cross validation method. For Random 
Forest, the optimal number of trees matter. For models with the same results for different 
numbers of trees, we choose the smallest to avoid the computational cost of a larger 
number of trees. The performance of the forest does not necessarily become significantly 
better as the number of trees grows (Oshiro et al. 2012). In this study, the lower bound of 
number of trees is 25, and we have five iterations each of which augments the number of 
trees by 100, i.e., 525 is the upper bound on the number of trees. 
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4.4 Results  
Table 4-3 presents a summary of the prediction results. First, as indicated in the third 
column of this table, our random forest model could achieve a 99.36 percent accuracy 
rate using in-sample data for prediction and 86.67 percent accuracy rate using the out-of-
bag sample. The first and second columns indicate the confusion matrix numbers. 
Looking at the in sample prediction results, we observe that only 28 students who are not 
obese in the 4th grade were incorrectly predicted to be obese, and 1,018 students (0.6 
percent) incorrectly predicted to not be obese in the 4th grade. A 99.36 percent accuracy 
shows that this model performed well using in-sample data, and it was able to predict the 
correct class for the vast majority of the students - i.e., only 0.64 percent in sample 
prediction error. 
In machine learning theory, out of sample error (also known as generalization 
error) is a measure of how accurate an algorithm predicted the outcome values of unseen 
data. Panel B in Table 4-3 presents the out-of-bag sample results. The overall accuracy of 
the model is 86.67 percent. Hence, the accuracy rate reduced by only 12.69 percent 
compared to the in-sample accuracy rate. Therefore, the out of sample error is 13.31 
percent. More specifically, results indicate that 9.04 percent of the students who are obese 
in their 4th grade were incorrectly predicted to be not-obese. Also, 4.29 percent of the 
students who are not obese in their 4th grade were incorrectly predicted to be obese. In 
general, our model performs slightly better in predicting not obese students than obese 
students, likely due to the larger sample size for a not-obese group.  
As noted above, one of the criticisms of school-based BMI screening programs is 
that they are not effective in improving students' BMI or reducing childhood obesity 
67 
 
(Ikeda, Crawford, and Woodward-Lopez 2006, Evans and Sonneville 2009, Soto and 
White 2010), and they might have potential harms related to weight stigmatization 
(Ruggieri and Bass 2015, Dietz, Story, and Leviton 2009). Overlooked in previous 
studies is the potential for BMI screening programs to identify at-risk children. For this 
purpose, we developed a model that will allow us to predict whether a child in 
kindergarten will become obese in 4th grade.  We run the model with and without the 
kindergarten BMI z-score as a predictor.  
Table 4-4 compares the results of the two models, with and without kindergarten 
BMI. As indicated in this table, without the kindergarten BMI z-score in the model, the 
out-of-sample prediction accuracy reduces from 0.87 to 0.73 (reduces by 14 percent). 
More importantly, the sensitivity ratio of the prediction reduces dramatically from 0.62 to 
0.09, meaning that the proportion of not-obese students that are correctly classified 
reduces from 62 percent to 9 percent. This finding demonstrates the importance of 
including the kindergarten BMI z-score in the model. 235 trees is defined as the optimal 
number of trees when we include BMI z-score in the models and 215 when we exclude it. 
As expected, mechanically, we observe a higher number of trees when the number of 
factors increases in the models. 
We use the Gini impurity index (also known as a mean decrease in impurity) to 
identify the top 15 important factors in obesity prediction. A random forest model 
determines whether to use (or not use) a factor in partitioning a node in a tree (Breiman 
2017). Every time a split of a node is made on a given variable, the Gini impurity 
criterion for the two descendent nodes is less than the parent node. Gini importance 
calculates each factor’s importance by adding up the number of splits (across all trees) 
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that include the factor, weighted by the proportion of samples it splits. A higher Gini 
impurity indicates higher variable importance. 
We use this method to identify the relative importance of the variables used in the 
prediction models. The top portion of Figure 4-5 indicates the top 15 variables (highest 
decrease Gini) when we include kindergarten BMI z-score in the set of predictors. As 
indicated in this figure, kindergarten BMI z-score takes the highest value.  Hence, it is of 
much higher importance to model performance than other variables.  This means that 
BMI information from the screening program is more informative in predicting obesity 
than other predictors that could be observed in absence of the screening program. The 
kindergarten z-score is followed in importance by student age, and socioeconomic 
measures such as median home value, income, parents’ education, and the poverty level 
in the students’ community. When we remove kindergarten BMI z-score from the 
models, student age and number of unhealthy food stores become the most important 
predictors.  
The variables we included in our model have been identified in previous studies 
to be associated with BMI levels. For example, parents’ educational level  (Lamerz et al. 
2005, Nagel et al. 2009, Scheinker, Valencia, and Rodriguez 2019), income level 
(Anderson, Butcher, and Levine 2003, Hofferth and Curtin 2005, Kimm et al. 1996, 
Strauss and Knight 1999, Klein‐Platat et al. 2003, Dubois, Girard, and Kent 2006, 
Scheinker, Valencia, and Rodriguez 2019), child age (Hargreaves, Marbini, and Viner 
2013), and gender (Ahn, Juon, and Gittelsohn 2008, Singh et al. 2008) have all been 
associated with obesity risk. However, none of these studies rank the importance of the 
variables in the prediction of obesity. Importantly, we find new evidence that 
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kindergarten BMI z-score, which has not been included as a predictor in previous studies, 
is much more important to prediction than these commonly observed measures.  This 
shows the importance of BMI screening programs. This will help policymakers to apply 
the most effective weight reduction policies cost-effectively by targeting specific 
students.   
4.5 Concluding Remarks and Policy Implications  
BMI screening programs are criticized for the associated stigma, effectiveness on 
improving the BMI scores, and the cost of running the programs. However, one of the 
main benefits of these programs, which is overlooked in the previous studies, is the 
potential value of BMI information during early childhood to predict the likelihood of 
obesity later in life. Therefore, BMI screening programs can become integral tools for 
policymakers who seek to address rising childhood and adolescent obesity more 
efficiently. This study identifies the value of this information by comparing the results of 
two random forests trained with and without kindergarten BMI information to assess the 
ability of BMI screening to improve a predictive model beyond personal, demographic, 
and socioeconomic measures that are typically used to identify children at high risk of 
excess weight gain. Our results indicate that the BMI z-score from the kindergarten is the 
most important variable in our model, and it increases the accuracy of the prediction by 
14% (from 73% to 87%).  The ability of BMI screening programs to identify children at 
greatest risk of becoming obese is an important but neglected dimension that should be 
used in evaluating their overall utility. 
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Figures and Tables  
 
 
 
 
Figure 4-1 Arkansas BMI Report Card Sample  
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 Figure 4-2  U.S. Public Schools BMI Reporting Timeline Highlighting Key Actions
72 
 
 
 
 
 
  Figure 4-3  Percentage of Obese Students by Grade 
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                  Figure 4-4 The Calculation of False Positive 
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Figure 4-5  Top 15 Variables Importance by Random Forest 
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Table 4-1 Summary Statistics of Data for the Students in the 4th Grade   
 Mean St. Dev. Min Max 
Panel A: Student-Level Information  
BMI Z-Score 0.71 1.11 -3.99 3.28 
Student Age (Months) 71.28 5.00 51.00 96.00 
Female  0.49 0.50 0.00 1.00 
Student Native Language      
Spanish Speaking 0.08 0.28 0.00 1.00 
Other Languages 0.01 0.11 0.00 1.00 
Student Race     
African American 0.22 0.41 0.00 1.00 
Hispanic 0.11 0.31 0.00 1.00 
Asian 0.02 0.13 0.00 1.00 
Other Races 0.01 0.10 0.00 1.00 
Student Meal Status     
Meal Free 0.50 0.50 0.00 1.00 
Meal Reduced Price 0.10 0.30 0.00 1.00 
Additional Data     
Unhealthy food stores  22.16 12.32 0.00 1.00 
Supermarket access 0.75 0.43 0.00 1.00 
Notes: The number of students in this sample is 244,056, and all are from the kindergarten 
students.  
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Table 4-2 Summary Statistics of Data for people in the children's neighborhoods at the 
Block Group Level    
 Mean St. Dev. Min Max 
Panel B: Parents/Guardians Information 
Single Parent (Male) 0.06 0.10 0.00 1.00 
Single Parent (Female) 0.27 0.23 0.00 1.00 
Median Household Income ($1000) 41.47 18.41 2.50 250.00 
Working Mother 0.66 0.18 0.00 1.00 
No Vehicle 0.07 0.08 0.00 0.60 
Income Below Poverty Level 0.19 0.13 0.00 0.92 
Median Home Value ($1000) 103.05 57.57 0.00 1000.00 
Vacant Homes 0.12 0.09 0.00 0.70 
Urban 0.65 0.47 0.00 1.00 
Parents Race     
African American 0.17 0.26 0.00 1.00 
Native 0.01 0.01 0.00 0.17 
Asian 0.01 0.03 0.00 0.34 
Other Races 0.05 0.08 0.00 0.54 
Hispanic  0.07 0.12 0.00 0.74 
Parents Education Level     
Less than High School 0.19 0.12 0.00 0.76 
Some College  0.27 0.09 0.00 0.69 
At Least College  0.47 0.17 0.05 0.99 
More than College 0.18 0.14 0.00 0.96 
Parents Language      
Spanish  0.06 0.10 0.00 0.69 
Asian and Pacific 0.01 0.03 0.00 0.37 
Other Languages 0.00 0.01 0.00 0.15 
Notes: we used Census 2010 block group level data and merged with the students’ 
information. All the variables in this table indicate percentage in the block group level 
except for median household income, working mother, and median home value.  
 
 
 
 
 
 
 
77 
 
Table 4-3 Confusion Matrix Statistics in In-Sample and Out of Sample 
  Reference Accuracy  
  Not-Obese  Obese (Percent) 
 In-Sample Test Prediction       99.36 
 Not-Obese  123,543 1,018 [99.32 , 99.40] 
Panel A Obese 28 38,115  
Out of Sample Prediction  86.67 
Panel B Not-Obese  58,352 7,356 [86.43 , 86.90] 
 Obese 3,493 12,151  
Notes: In-sample prediction accuracy rate is 99.36 percent, and out of sample prediction 
accuracy rate is 86.67 percent. Numbers in brackets indicate 95% confidence interval.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
78 
 
 
Table 4-4  Summary of the Optimal Number of Trees and Performance Measures     
 Random Forest 
With Kindergarten BMI Z-Score  
Optimal Number of Trees 235 
Accuracy 0.87 
Specificity 0.94 
Sensitivity 0.62 
Without the Kindergarten BMI Z-Score  
Optimal Number of Trees 215 
Accuracy 0.73 
Specificity 0.93 
Sensitivity 0.09 
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Chapter 5. MARKET RESPONSES TO A RECALL EXAMINING THE EFFECT 
OF FOOD RECALLS ON DEMAND: THE CASE OF GROUND BEEF IN THE 
U.S. 
5.1 Introduction 
An increase in public concern over food safety has led to closer regulatory vigilance 
(Lusk and Schroeder, 2002) and efforts to monitor and enforce food safety regulations to 
prevent food-borne illness among the public has been increasing over the past few 
decades. For example, in the U.S., the number of food recalls increased from 53 recalls in 
2005 to 125 recalls in 2018. Given that rates of foodborne illness have remained 
relatively stable during the 2009-2015 period, the increase in the number of recalls could 
be an indicator that companies are voluntarily recalling their products as soon as a 
potential public health threat surfaces (Dewey-Mattia et al. 2018) or supply chains are 
becoming more efficient at the overall recall process.  
It has been estimated that food-borne illnesses cost the U.S. public over $150 
billion annually (Scharff 2010, 2012), and recalls could potentially reduce these costs to 
the public. However, recalls come at a significant cost for the industry whose product is 
recalled-- e.g., revenue reductions, public pressure, and loss in brand image (Jarrell and 
Peltzman 1985, Hoffer, Pruitt, and Reilly 1988). It has been estimated that, on average, a 
serious food safety hazard could reduce shareholders’ wealth by $109 million within just 
5 days (Pozo and Schroeder 2016). Figure 5-1 presents a conceptual model that indicates 
cost of recalls at different stages (i.e., processing, wholesale, and retail levels). Another 
potential cost of recalls could be sales reductions of the impacted industry as a whole, 
which is the focus of this study.  
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From 2005-2018, beef products accounted for an average of 30% of total yearly 
recalls accounting for over 243 million tons of beef products that were recalled. During 
this time period, the number of beef-related recalls increased from 12 to 31. (See Table 5-
1). The primary causes of these recalls were intestinal pathogens such as E. coli, Listeria, 
and Salmonella. The number of recalls due to E. coli and Listeria have decreased over the 
last several years, while and the number of recalls due to Salmonella have increased from 
an average of two per year between 2005-2009 to five per year between 2010-2018 
(USDA Food Safety and Inspection Service (FSIS)). 
In this paper, we focus on a ground beef recall that occurred between July and 
August 2009 in Arizona, California, Colorado, and Utah. The first signs of 
contaminations was identified by the Colorado Department of Public Health and 
Environment (CDPHE). In July and early August 2009, CDPHE identified 21 cases of 
drug-resistant Salmonella among Newport, Colorado residents, and notified the USDA-
FSIS of the situation. On August 6, 2009, FSIS announced a recall of more than 800 
thousand pounds of ground beef products potentially tainted with Salmonella. The 
Salmonella contaminated ground beef products were traced to retail distribution centers 
in four states (Arizona, California, Colorado, and Utah). The retail distribution centers 
repackaged the Salmonella contaminated products into consumer-size packages and sold 
under different retail brand names. Consumers were advised through the FSIS webpage 
to consult local retailers to determine if the products they purchased were part of the 
recall and to return contaminated ground beef products for a full refund. The Centers for 
Disease Control and Prevention (CDC) reported 68 illnesses and four hospitalizations as 
a result of this outbreak. 
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The media did not specify the brands associated with the recalled beef; therefore, 
if consumers were informed of the recall, we hypothesized that they were more likely to 
reduce their demand for all ground beef products (if they had not asked the retailers about 
which brands were contaminated). We would also anticipate no effect of the recall on the 
beef purchasing habits of uninformed consumers. To illustrate the potential impacts of 
this recall, we combined USDA/FSIS information with the Nielsen Retail Scanner dataset 
and specifically examined how consumers reacted to the 2009 ground beef Salmonella 
outbreak in Utah by aggregation level. Utah was chosen for this study because out of the 
four contaminated states. We were able to find a control state (Nevada) that had a parallel 
trend before the event for this state and apply the differences in difference (DID) model 
to estimate the effect of the recall. We tested whether consumers changed their ground 
beef product purchases in Utah after the recall in short- and long-term durations. This 
unique dataset allowed us to control for demographic characteristics, time, location 
effects, and the presence of FSIS recalls.  
Our analysis demonstrates that the Salmonella event reduced ground beef 
purchases in Utah by approximately 17% after four weeks of the recall, and the price 
elasticity of demand is estimated to be -2.04. Therefore, the reduction in ground beef 
purchases as a result of the recall is equivalent to 8.3% raising the price of this product. 
This result is consistent with previous literature. However, when we use the synthetic 
control method, which allows us to use all of the control states to produce a synthetic 
Utah based on demographics, beef consumption in other states, and control for potential 
omitted variables we found the effect of this recall event reduced ground beef purchases 
by only 0.8%.  
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The remainder of the chapter proceeds as follows: Section 2 provides background 
information on Salmonella and previous studies; the data and the empirical strategy are 
explained in Sections 3 and 4; results are presented in Section 5, and Section 6 contains a 
discussion of key findings and presents the conclusions of this study. 
5.2 Background  
Effect of recalls and food safety-related information on consumer demand for 
meat products has been examined by several studies (Toledo and Villas-Boas 2018, 
Schlenker and Villas-Boas 2009, Piggott and Marsh 2004, Marsh, Schroeder, and Mintert 
2004). Most of these studies focused on the demand changes for meat as a result of a food 
safety issue. Studies focusing on beef have found mixed results in regards to the duration 
of the impact. Some studies provide evidence that recalls have a negative immediate, but 
not long-run, impact on consumers beef demand (Piggott and Marsh 2004, Dahlgran and 
Fairchild 2002), while others have found the impact can even last for several years 
(Crowley and Shimazaki 2005, Tonsor, Schroeder, and Pennings 2009). 
 Previous studies  have differentiated based upon the type of pathogen and 
measured consumers reactions to food safety events in general (Marsh, Schroeder, and 
Mintert 2004, Piggott and Marsh 2004, Tonsor, Schroeder, and Pennings 2009) In the 
case of beef recall, the most commonly associated pathogens in the literature are Bovine 
Spongiform Encephalopathy (BSE) (e.g., Crowley and Shimazaki 2005), E. coli  (e.g., 
Shang et al. 2017), and Salmonella (e.g., Dahlgran and Fairchild 2002). Kinnucan et al. 
(1997) investigated the effect of health information on demand for pork using the 
Rotterdam model and found that adverse health information had a strong negative 
influence on beef demand and a slightly negative influence on the demand for pork. 
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Piggott and Marsh (2004) used aggregated quarterly data to estimate the impact of food 
safety information on demand by the generalized almost ideal demand system (AIDS) 
model. They found that the impact of the recall on demand is statistically significant in 
the short-term Marsh, Schroeder, and Mintert (2004) employed the same dataset from 
1982 to 1998 using the Rotterdam model and found that the effect of recalls on beef 
demand is statistically significant but smaller in magnitude in comparison to price and 
income.  
 Tonsor, Schroeder, and Pennings (2009) investigated the impacts of different food 
safety events related to beef on consumer risk perception in the United States. They 
found that 21% of survey respondents had decreased their beef consumption in the 
previous four years due to food safety concerns. Tonsor, Mintert, and Schroeder (2010) 
used national quarterly data and the Rotterdam model to examine the effect of recalls on 
demand for meat products. They found that, among all the meat products, only beef 
consumption was statically impacted by its own recalls in the short- and long term, where 
the long-term effects are even larger in magnitude than contemporaneous effects. 
Studies have explored recall impact on demand as it pertains to a specific type of 
pathogen. For example, Schlenker and Villas-Boas (2009) focused on BSE by using 
product-level scanner data of a national grocery chain and examined how consumers 
responded to two highly publicized warnings related to mad cow disease in the United 
States. They found a significant decrease in beef consumption following the BSE 
discovery in the U.S. and a more moderate drop for futures with longer maturities. 
Crowley and Shimazoki (2005) used the Economic Research Service (ERS) supermarket 
scanner data which showed significant disruption of beef sales after the BSE 
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announcement. They found that the disruption had a persistent level effect that shifted 
beef sales to a lower level in the post-BSE period.  
Taylor, Klaiber, and Kuchler (2016) found evidence that the 2003 BSE event 
caused a change in the way people viewed and responded to recalls of ground beef, a 
change that persisted for at least two years following the BSE event. The average impact 
of a ground beef recall in the post-BSE period was a 0.26 lb per person reduction in retail 
purchases of ground beef. A decline in purchases of this magnitude could result in over 
$97 million in losses to the beef industry in two weeks following a nationwide recall.  
Shang et al. (2017) focused on E.coli related meat recalls using monthly grocery-
scanner data to investigate the impacts of food safety recalls on consumer meat demand 
across products, geographic regions, and recall type through a multi-regional modeling 
approach. The authors found that beef recalls due to E. coli discovery significantly 
reduced demand for ground beef in most of the regions in the United States  
Salmonella, the focus of this study, is another common pathogen known to 
contaminate beef leading to beef recalls. Salmonella is an intestinal pathogen that is one 
of the most common causes of food poisoning in the United States. Salmonella infections 
can cause diarrhea, fever, vomiting, and abdominal cramps that typically last from four to 
seven days. While most people get better without treatment, severe cases can require 
hospitalization and in some cases even be fatal, particularly among individuals with weak 
immune systems, young children, and the elderly 
Every year, approximately 40,000 cases of Salmonellosis are reported in the 
United States. Because many milder cases are not diagnosed or reported, the actual 
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number of infections, maybe thirty or more times greater. The CDC estimates around 1.2 
million illnesses and 450 deaths are caused by  Salmonella annually in the US (Scallan et 
al. 2011). Studies have found that Salmonella easily spreads via livestock (especially 
when kept in large numbers and in confined spaces), runoff from livestock pastures, and 
leaky or piled up waste lagoons at industrial farming sites. To the best of our knowledge, 
the only study that has focused on Salmonella related recalls impacting demand is 
Dahlgran and Fairchild (2002). The authors used USDA weekly aggregated data, and an 
inverse demand model to study the effect of chicken recalls due to Salmonella 
contamination on consumer demand. They found that consumers tend to forget about 
adverse publicity associated with Salmonella contaminated chicken within just a few 
weeks and return to an establish a pattern of chicken consumption. 
Given the economic and health importance of beef recalls (Table 5-1) and a gap in 
knowledge related to Salmonella caused recalls, this study builds on previous studies and 
explores how a relatively large beef recall (due to Salmonella) impacted consumer 
demand for beef products. This study differs from other studies in that we utilize on 
store-level retail scanner weekly data rather than aggregated data, which allows us to 
control for possible omitted variables using various fixed effects. This study also uses the 
synthetic control method, in addition to the common methods used in the literature, to 
identify the effect size. To the best of our knowledge, this method has not been used in a 
similar application. 
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5.3 Data 
Information on recalls such as date, geographic distribution area, and pathogens are 
collected from the USDA/FSIS. Table 5-1 provides a summary of the number and pounds 
of recalls as well as the share of beef recalls over 2005-2018.   
The second part of the data measures purchases at the retail level using Nielsen 
retail scanner data. This dataset contains weekly pricing, volume, and store environment 
information generated by point-of-sale systems. The raw dataset includes all fresh ground 
beef sale transactions during the study period in 209 stores in Utah and Nevada. Of these 
209 stores, 75 stores are in Utah, one of the four states that had contaminated beef16, and 
134 stores are in Nevada, one of the neighboring states that did not have contaminated 
beef and was not impacted by this recall event. Our dataset includes weekly data for 
UPCs of fresh ground beef products along with a description, brand, size, as well as 
Nielsen codes for the department, product group, and product module. For each UPC, 
participating stores report units, price, price multiplier, baseline units, baseline price, 
feature indicator, and display indicator weekly. Store demographics, including store chain 
code, channel type, and area location, are also available in this database.  
Table 5-2 provides summary statistics of beef sales quantity and price at the store-
level. Summary statistics are based on the four weeks before and four weeks after the 
recall event; the recall week is excluded from the analysis. Stores in our sample, on 
average, sold 895 and 631 pounds of beef in Utah and Nevada, respectively. The average 
                                                 
16 Note that I also explored California, Arizona, and Colorado separately as our treated state but did not find 
a parallel trend with the other states in beef sales before the event, which is central for using difference-in-
differences approach.  
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sale price in both states is comparable overall: $3.36/pound in Utah and $3.38/pound in 
Nevada.  
5.4 Empirical Model 
In our empirical analysis, we employ both the difference-in-differences (DID) method 
and the synthetic control method. The DID model has also been used in  other studies in a 
similar context examining recall effects (e.g., Toledo and Villas-Boas 2018). Given our 
thorough dataset at the store level over time, using a DID type model and controlling for 
various unobservable variables using different fixed effects increases our chances to 
identify the causal effect of this specific recall on beef sales. In the DID approach, we use 
stores in Utah as the “treated” stores, which had contaminated beef distributed in its 
stores. Stores in Nevada, a neighboring state, were used as a “control”. The following 
equation illustrates our empirical model:  
(1) 𝑌𝑖𝑠𝑡 = 𝛼1. 𝑟𝑒𝑐𝑎𝑙𝑙𝑖𝑡 + 𝛼2. 𝑃𝑖𝑡 +  𝑖 + 𝑡 + 𝜀𝑖𝑠𝑡   
Y𝑖𝑠𝑡  is the log of ground beef products sales at the store i and state s and week t. 
𝑟𝑒𝑐𝑎𝑙𝑙𝑠𝑡 is our variable of interest and denotes whether a store observation is in the 
treatment group during the post-period in which the recall happened. P𝑖𝑡 is the average 
price of ground beef products in store i and week t. We also include store fixed effects 
(
𝑖
) and week fixed effects (
𝑡
) in our preferred specification. 𝜀𝑖𝑠𝑡  captures all 
unobservables which affect the dependent variable. 
In addition to the DID model, the synthetic control method is employed to capture 
the causal effect of the beef recall on a sale. The basic idea behind synthetic control is 
that a combination of units often provides a better comparison for the unit exposed to the 
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intervention than any single unit alone. This method searches for the set of weights that 
generate the best fitting convex combination of the control units. This method was 
originally introduced by Abadie, Diamond, and Hainmueller (2010) to estimates the 
effect of a tobacco control program in California. Since 2010 this method has been 
applied in different areas such as labor economics (Peri and Yasenov 2015), policy 
changes evaluation (Sampaio 2014, Billmeier and Nannicini 2013, Sills et al. 2015), and 
natural disasters (Cavallo et al. 2013, Coffman and Noy 2012).  
Utah was subject to the beef recall, and all of the non-effected states were 
considered as a potential control group. The synthetic control method reweighs the 
control group such that the synthetic control unit matches the sales per capita of beef in 
Utah. By using this method, we can find the optimal weights of states; some states get 
more weight, and some get nothing. Once we have estimated weights and constructed the 
synthetic control unit, we can estimate a DID model in which we compare the treated unit 
to the synthetic control unit. 
In our case, there are J available control units (in our case 46 states that were not 
affected by the recall under the study), where the synthetic control method uses 
minimization mathematical programing to assign weights 𝜔 = (𝜔1, … , 𝜔𝑗) to each of 
these states with the objective of minimizing the root mean square prediction error 
(RMSPE). 𝜔 is a (J × 1) vector. 
(2) 𝜔 ≥ 0 𝑤𝑖𝑡ℎ ∑  𝜔𝑗
𝐽
𝑗=1 = 1 
The weights are chosen so that the synthetic beef sales in Utah most closely 
resembles the actual beef sales in Utah before the recall. Let’s assume 𝑥1 is a (K × 1) 
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vector of pre-recall economic and demographic variables in Utah and 𝑋0 is a (K × J) 
matrix which contains the values for the same variables for the J possible control states. 
Also, we assume that V is a diagonal matrix with positive components reflecting the 
relative importance of different predictors (X), the vector of weights 𝜔∗ is then chosen to 
minimize:  
(3) 𝐷(𝜔) = (𝑥1 − 𝑋0𝜔)
′𝑉 (𝑥1 − 𝑋0𝜔) 
In our case, we use ground beef price, per capita sales in each of the four weeks 
prior to the recall event, and per capita number of stores in each state as our predictors to 
construct the weight matrix. Using the weights generated in the previous steps, this 
method then constructs the counterfactual. Let’s assume 𝑦1 is a (T × 1) vector 
representing beef sales for T weeks in Utah, and 𝑦0 is a (T × J) matrix indicating beef 
sales for T weeks in the control states. Then we can construct the counterfactual beef 
sales pattern in absence of a recall as:  
(4) 𝑦1
∗ = 𝑦0. 𝜔
∗  
The difference between counterfactual beef sales patterns in synthetic Utah and 
actual beef sales patterns in actual Utah after the recall could be interpreted as the effect 
of recall on beef sales in Utah. Abadie, Diamond, and Hainmueller (2010) provides a 
more in-depth discussion of this approach and the implementation steps.   
5.5 Empirical Results 
In this section, we examine how consumers reacted to the Salmonella ground beef 
recall. We begin by exploring whether there are any differences in weekly ground beef 
products sales by comparing the treatment state (Utah) and the control state (Nevada). 
Table 5-3 provides the basic double-difference result in levels ([purchase in treatment 
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post-event - purchase in control post event] - [purchase in treatment pre-event - purchase 
in control pre-event]). The result in this table indicates that average weekly ground beef 
products purchased in the treated state were reduced by 14% during four weeks after the 
recall.  
Further investigation of the pre-trends between control and treatment groups is 
analyzed using graphical analysis. Figure 5-2 shows the evolution of total monthly sales 
by state for ground beef with no controls. Months denote one pre-event month and one 
post-event month for each year (2006, 2007, 2008, 2009). Months across years are not 
continuous in time. This figure provides evidence that pre-trend beef sales are parallel in 
the treatment and control states. Having evidence of pre-treatment parallel trends between 
treatment and control groups is a pre-requisite to use the DID method.  
Figure 5-3 provides more detailed information about the difference between these 
two states in terms of ground beef sales. This figure demonstrates the percent difference 
in average weekly purchases between two states across the sample for the four weeks 
prior and after the recall event week. We observed a significant decrease in the difference 
in the average weekly purchase as a percent between the pre-event , and the post-event. 
The dashed line represents the average percent difference in the pre- and post-event. The 
ground beef product purchases in Utah in the pre-event is approximately 32% less than 
the ground beef product purchases in Nevada. While, in the post-event, purchases in Utah 
are 46% less than Nevada. 
Next, we implemented the DID model using data four weeks before the recall 
event and four weeks post recall event. We excluded the recall event week from this 
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analysis. Table 5-4 shows the results of the DID model using aggregated observations at 
stores by week. The dependent variable is the log of ground beef purchases in week t in 
store i in state s. The four weeks following August 6 is labeled “Post-Event.” The 
coefficient of “Salmonella” is our coefficient of interest, i.e., the additional abnormal 
change in Utah one week after the recall. The price elasticity is given by “Log of Price” 
coefficient, where the price is the average price of the corresponding aggregation level. 
Robust standard errors are reported in parenthesis. 
Column 1 in Table 5-4 shows that the Salmonella effect on ground beef purchases 
is not significant. However, the average treatment effect point estimates using this 
specification is likely biased because of omitting time-invariant fixed effects such as store 
fixed effects. To avoid this concern, we added store fixed effects to the model. Results for 
this specification are reported in Column 2 of Table 5-4. As specified in Table 5-4, 
Salmonella reduced weekly beef purchases by 20%. Store fixed effects control for the 
time-invariant unobservable variables such as store location or store upstream chain 
characteristics. Additionally, we included  month fixed effects to control for seasonality 
in the ground beef market. Results of the estimation with the month and the store fixed 
effects are reported in column 3 of Table 5-4. Average treatment point estimate indicates 
that the Salmonella recall event reduced ground beef purchases in Utah by 17%. We see 
the coefficient does not change significantly between columns (2) and (3); both imply a 
price elasticity of demand close to  -2 (-2.01 and -2.04, respectively).  
One potential concern with average treatment estimation by the DID method is 
using only one control state, Nevada. To address this concern, we used the synthetic 
control method to produce a synthetic control state for Utah. We used weekly and state-
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level per capita sales to produce a synthetic state. Figure 5-4 plots the log of the ground 
beef sales in Utah. We used several features such as ground beef price and per capita 
sales in each of the four weeks before the Salmonella recall event and the number of 
stores per capita in each state as features to produce a synthetic state for Utah. Table 5-5 
shows the features are balanced in Utah and synthetic Utah. For example, the price per lb 
is $3.42 in Utah and $3.27 in synthetic Utah. Table 5-6 displays the weights of each 
control state in synthetic Utah. We excluded California, Colorado, and Arizona before 
producing a synthetic Utah because the Salmonella outbreak occurred in these states at 
the same time it happened in Utah. Based on the weights of control states, we observe 
that Connecticut and New Hampshire got non-zero weights, and New Hampshire got 
most of the weight. 
Our criterion to assess the quality of synthetic Utah as an adequate counterfactual 
state for Utah is a comparison of the pre-treatment evolution of beef sales in Utah and 
synthetic Utah. Figure 5-5 shows the per capita sales four weeks before the recall event 
and provides evidence that our synthetic control state tracks sales in Utah. Our criterion 
to assess the quality of synthetic Utah as an adequate counterfactual state for Utah is a 
comparison of the pre-treatment evolution of beef sales in Utah and synthetic Utah. 
Figure 5-5 shows the per capita sales four weeks before the recall event and provides 
evidence that our synthetic control state tracks sales in Utah. The synthetic control state 
includes a weighted average of New Hampshire and Connecticut with weights of 0.895 
and 0.105, respectively. We used differences between Utah and synthetic Utah to show 
the effect of Salmonella on ground beef sales in Utah. As displayed in Figure 5-6, the 
Salmonella recall reduced ground beef sales by 0.8% following the event and this effect 
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disappears after one month. This may suggest that the recall announcement does not 
affect sales in the long term, but it has a negative effect in the short term. The impact is 
most pronounced in the second and third weeks after the recall event.  
5.6 Concluding Remarks 
We study how consumer purchases changed after the ground beef Salmonella 
outbreak in August 2009 using Nielsen Retail Scanner dataset that includes detailed 
purchasing records. Then analysis shows that the estimated impact of the beef recall is 
sensitive to the choice of estimator. Using a modified DID estimator that compares store-
level beef purchases in Utah (treatment state) to Nevada (comparison state), we find large 
recall effects—a 17% reduction in store-level beef purchases in the week following the 
recall.  This effect is estimated using four weeks of data before and four weeks of data 
after this event. Given the estimated price elasticity for ground beef products (-2.04), the 
sale reduction as a result of recall is comparable to almost an 8.3% increase in beef 
prices. However, using an estimator based on the synthetic control method (Abadie, 
Diamond, and Hainmueller (2010) that constructs the comparison state from a weighted 
average of all potential control states (the other 47 lower U.S. states) for a similar time 
period, we find an estimated recall effect of only 0.8%. These results call into question 
the consistency of the modified DID estimator and suggest consumers were not 
responsive to the beef recall in Utah resulting from salmonella contamination.  When 
consumers are not responsive to food safety recalls, then this weakens incentives for 
producers and suppliers to invest in food safety. This raises several questions relevant to 
food safety policy.  Is expected food safety not a quality dimension consumers value, or 
do consumers have information required to distinguish products along food safety 
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dimensions?  If the former, then one might argue that food safety investments on the 
supply side are efficient.  If the latter, there is asymmetric and incomplete information, 
then one might argue that there is under investment in food safety on the supply side 
relative to efficient case.  Further, even if consumers do not value food safety quality, 
which under standard theory suggests food safety investments under business, as usual, 
are efficient, there may be inequities resulting from health externalities imposed on 
children and elderly, the populations most vulnerable to foodborne illness and least likely 
to be responsible for purchasing decisions.    
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Figure 5-1 A Conceptual Model of Costs of Voluntary Product Recalls.  
*See next page for notes.  
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List of costs preventing or mitigating recall:  
A1: QA/QC procedures, preventative controls  
A2: Recall insurance  
A3: Recall planning  
A4: Voluntary or required tracking system for units 
A5: Supplier inspections, engage redundant suppliers 
A6: Investigating consumer complaints  
A7: Conducting mock recalls to identify gaps in the recall process  
A8: Adopting technology-enabled prevention such as implementing an integration and 
control system with scanning technology which matches bar code on labels with 
container codes. 
 
List of costs if a recall occurs: 
 C1: Issue identification  
C11—identifying issues, escalating and triggering product recall  
C2: Recall notification and communication cost  
C21—Manufacturers notifying regulatory agencies (FDA, USDA, and state/ local 
authorities)  
C22—Manufacturers notifying consumers (e.g., press release, hotline, through 
retailer loyalty cards database)  
C23—Manufacturers notifying distributors and retailers (e.g., using Rapid Recall 
Exchange)  
C24—Retailers notifying stores  
C25—Retailers notifying consumers  
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C26—Manufacturers issuing a reverse recall to all parties involved in the initial 
recall after receiving verification that the product is safe  
C27—Brand management (communication with public and customers)  
C3: Product removal and destruction (most expensive step in the recall process)  
C31—Returning products to the manufacturer (or a third party used by the 
manufacturer for destruction)  
C32—Retailers or distributors destroying recalled products on site  
C33—Cleaning, repairing, and replacing equipment  
C4: Product replacement  
C41—replacing the recalled products on the shelf with a new product, brand, or 
SKU  
C5: Lost product or company values  
C51—the potential loss of future product sales from damage to the reputation  
C52—Negative impact on a company’s market value (for listed companies)  
C6: Health costs  
C61—negative health impact (pain, suffering from illness, death) on consumers  
C62—medical expenses  
C7: Legal costs from lawsuits from consumers 
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Figure 5-2 Comparing the Evolution of Total Monthly Ground Beef Sales in Utah and 
Nevada. 
Notes: The figure shows the evolution of total monthly sales (lb) by the state for ground 
beef with no controls. Months denotes one pre-event month and one post-event month for 
each year (2006, 2007, 2008, 2009, 2010). Months across years are not continuous in 
time. 
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Figure 5-3 Percent Difference in the Average Weekly Purchase by Treatment Status 
(Utah vs Nevada) 
Notes: Vertical dashed line indicates recall event, and horizontal dashed lines show 
average differences using aggregated state-level data. 
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Figure 5-4 Trends in Total Monthly Log of Sales Quantity in Utah 
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Figure 5-5 Trends in Total Weekly Sales Quantity Per Capita of Ground Beef Products: 
Utah Vs. Synthetic Utah. 
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Figure 5-6 Log of Weekly Per Capita Sales Gap Between Utah and Synthetic Utah. 
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Table 5-1 Summary of Recalls and Beef Recalls from 2005-2018  
Year 
Number of 
Recalls 
Pounds 
Recalled  
Number of 
Beef Recalls 
Pounds of 
Beef Recalled 
Beef Share 
(Number) 
Beef Share 
(Pounds) 
2005 53 6,446,231 12 1,746,863 23% 27% 
2006 34 5,947,933 15 721,153 44% 12% 
2007 58 143,063,822 26 30,816,912 45% 22% 
2008 54 154,726,663 24 151,891,383 44% 98% 
2009 69 9,488,664 34 4,006,844 49% 42% 
2010 70 34,121,902 28 22,941,326 40% 67% 
2011 103 39,702,319 35 1,343,054 34% 3% 
2012 82 3,475,115 19 311,232 23% 9% 
2013 75 13,096,784 20 396,213 27% 3% 
2014 94 18,675,102 22 13,232,176 23% 71% 
2015 150 21,104,848 41 1,345,842 27% 6% 
2016 122 58,140,787 26 591,869 21% 1% 
2017 131 20,880,574 28 909,242 21% 4% 
2018 125 20,552,911 31 13,185,563 25% 64% 
Average 87 39,244,547 26 17,388,548 30% 44% 
Notes: Numbers are based on the United States Department of Agriculture, Food Safety and 
Inspection Service (USDA FSIS) data and authors calculation.  
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Table 5-2 Store Level Descriptive Statistics for all Beef Products During Four Weeks 
Prior and After The Recall. 
  Obs. Mean Std. Dev. Min Max 
Panel A: Utah Stores Quantity (lb) 760 865 893 170 10640 
Price($/lb) 760 3.36 0.95 1.11 5.99 
Panel B: Nevada Stores Quantity (lb) 1,471 631 536 170 5328 
Price($/lb) 1,471 3.38 0.76 1.06 5.99 
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Table 5-3 State-level Aggregated Average Purchase of Beef in Treated and Control 
States for Four Weeks Prior and After the Recall (Unit=lb/week) 
 Pre-Event Post-Event Difference 
Nevada (Control) 11.55 11.63 0.085 
Utah (Treated) 11.13 11.07 -0.058 
Difference -0.41 -0. 56 -0.14 
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Table 5-4 Regression Result for 4 Weeks Before and 4 Weeks After Event (Log of Sale as a 
Dependent Variable) (Unit=lb) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 (1) (2) (3) 
Log of Price -1.93*** -2.01*** -2.04*** 
 (0.01) (0.05) (0.05) 
Salmonella Effect -0.04 -0.20*** -0.17* 
 (0.06) (0.05) (0.05) 
Store Fixed Effects No Yes Yes 
Month Fixed Effects No No Yes 
Observations 2,827 2,827 2,827 
R-squared 0.33 0.26 0.27 
Number of Stores - 156 156 
Notes: Robust standard errors in parentheses. *** p<0.01, * p<0.1 
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Table 5-5 Ground Beef Sales Predictor Means 
 
Treated 
(Utah)  
Synthetic 
Control  
Price per lb 3.42 3.27 
Sales per capita 1 week before event 0.027 0.028 
Sales per capita 2 weeks before event 0.023 0.023 
Sales per capita 3 weeks before event  0.030 0.029 
Sales per capita 4 weeks before event 0.022 0.025 
Number of stores per capita 0.013 0.022 
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Table 5-6 States Weights in Synthetic Utah  
State Weight State Weight 
Alabama 0 Nebraska 0 
Alaska 0 Nevada 0 
Arkansas 0 New Hampshire 0.895 
Connecticut 0.105 New Jersey 0 
Delaware 0 New Mexico 0 
Florida 0 New York 0 
Georgia 0 North Carolina 0 
Hawaii 0 North Dakota 0 
Idaho 0 Ohio 0 
Illinois 0 Oklahoma 0 
Indiana 0 Oregon 0 
Iowa 0 Pennsylvania 0 
Kansas 0 Rhode Island 0 
Kentucky 0 South Carolina 0 
Louisiana 0 South Dakota 0 
Maine 0 Tennessee 0 
Maryland 0 Texas 0 
Massachusetts 0 Utah 0 
Michigan 0 Vermont 0 
Minnesota 0 Virginia 0 
Mississippi 0 Washington 0 
Missouri 0 West Virginia 0 
Montana 0 Wisconsin 0 
  Wyoming 0 
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Chapter 6. CONCLUSION 
This dissertation sought to investigate health economic related questions using big 
datasets. The first essay provides a thorough literature review for e-cigarette attributes 
and consumers’ preference for these attributes by different population groups; the second 
essay estimates an empirical model to investigate effect of these attributes on e-cigarette 
demand; the third essay focuses on the use of machine learning to determine the 
information value of a body mass index program; in the last essay, we explore effect of 
beef recalls on beef demand in short- and long-run. The results of each essay are 
discussed below. 
The first and second essays focus on understanding e-cigarette consumers, known 
as vapers, preference for attributes of these products. The objective of the first essay is to 
perform a systematic review of research examining consumer preference for the main 
electronic cigarette (e-cigarette) attributes namely flavor, nicotine strength, and type. A 
systematic search of peer-reviewed articles resulted in a pool of 12,933 articles. we 
included only articles that meet all the selection criteria: (1) peer-reviewed, (2) written in 
English, and (3) addressed consumer preference for one or more of the e-cigarette 
attributes including flavor, strength, and type. 66 articles met the inclusion criteria for this 
review. Consumers preferred flavored e-cigarettes, and such preference varied with age 
groups and smoking status. we also found that several flavors were associated with 
decreased harm perception while tobacco flavor was associated with increased harm 
perception. In addition, some flavor chemicals and sweeteners used in e-cigarettes could 
be of toxicological concern. Finally, consumer preference for nicotine strength and types 
depended on smoking status, e-cigarette use history, and gender. Adolescents could 
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consider flavor the most important factor trying e-cigarettes and were more likely to 
initiate vaping through flavored e-cigarettes. Young adults overall preferred sweet, 
menthol, and cherry flavors, while non-smokers in particular preferred coffee and 
menthol flavors. Adults in general also preferred sweet flavors (though smokers like 
tobacco flavor the most) and disliked flavors that elicit bitterness or harshness. In terms 
of whether flavored e-cigarettes assisted quitting smoking, we found inconclusive 
evidence. E-cigarette users likely initiated use with a cigarette-like product and 
transitioned to an advanced system with more features. Non-smokers and inexperienced 
e-cigarettes users tended to prefer no nicotine or low nicotine e-cigarettes while smokers 
and experienced e-cigarettes users preferred medium and high nicotine e-cigarettes. 
Weak evidence exists regarding a positive interaction between menthol flavor and 
nicotine strength. 
In the second essay, we empirically examine the vapers preference for the e-
cigarette attributes. As policymakers continue to expand regulations to address rising 
concerns around e-cigarette use, understanding the consumer preference for different 
attributes of this product will provide useful insights to policymakers. This study 
develops an innovative dataset by combining Nielsen household and retail scanner data 
and applies a discrete choice econometric model to examine how adult vapers prefer 
flavor, nicotine strength level, and type. We found that (adult) vapers prefer tobacco 
flavor, medium nicotine strength, and disposables and such preference can vary over 
cigarette smoking status, purchase frequency, gender, race, and age. In particular, 
smokers prefer tobacco flavor, non-smokers or female vapers prefer medium strength, 
and infrequent vapers prefer disposables. Vapers also display loyalty (inertia) to e-
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cigarette brands, flavor, and nicotine strength. We provide product specific price 
elasticities of demand, which are all quite elastic and much larger than the counterpart for 
cigarettes. Cigarette tax has been proven to reduce the smoking rate in the last several 
decades. Many states such as North Carolina already started to tax e-cigarettes. This 
suggests taxing will effectively curb the popularity of e-cigarette use, at a faster rate than 
does it for cigarettes. Our results on flavor preference imply that a flavor ban will likely 
have a relatively larger impact on adolescents and young adults than adults because adult 
vapers prefer tobacco flavor the most. Banning fruit and even menthol flavors will not 
affect much adult demand. However, such ban will likely significantly reduce the rising 
popularity of e-cigarettes among adolescents and young adults because of their 
preference Additionally, our analysis of nicotine strength suggests a maximum or 
minimum level of nicotine content will not affect much adult demand because they 
overall prefer medium strength. However, restrictions on flavor or nicotine strength will 
lead to heterogeneous responses because vapers’ preferences vary by adult smoking 
status, purchase history, and demographics.  
In the third essay, we employ a machine learning algorithm, a random forest, to 
identify the importance of BMI information during kindergarten (age 5-6 years) on 
predicting children most likely to be obese by the 4th grade (age 9-10 years).  
Specifically, we wish to know if BMI information during kindergarten from the screening 
program is more informative in predicting obesity than other predictors that could be 
observed in the absence of the screening program. Obesity rates tend to be lower in 
kindergarten, but increase between kindergarten and 4th grade and then remain relatively 
stable through adolescence.  This general pattern can be observed in both the Arkansas 
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data described below and the national data (Hales et al. 2018). Also, the kindergarten 
stage follows the developmental stage known as adiposity rebound, which is a period of 
increasing BMI after early childhood and is a key stage in the weight-gain trajectory over 
the human life span. The potential value of BMI information during early childhood to 
predict the likelihood of obesity later in life is one of the main benefits of a BMI 
screening program. This study identifies the value of this information by comparing the 
results of two random forests trained with and without kindergarten BMI information to 
assess the ability of BMI screening to improve a predictive model beyond personal, 
demographic, and socioeconomic measures that are typically used to identify children at 
high risk of excess weight gain. The BMI z-score from kindergarten is the most important 
variable and increases the accuracy of the prediction by 11% (from 75% to 86%).  The 
ability of BMI screening programs to identify children at greatest risk of becoming obese 
is an important but neglected dimension that should be used in evaluating the overall 
utility. 
The last essay focuses on the impact of recalls on consumer demand. Recalls are 
common voluntary actions that firms take to reduce risks associated with defected 
products and in food cases possible health hazards and foodborne illnesses. The number 
of food recalls increased in the past few years, where beef related products being one of 
the main ones. We investigate effect of such recalls on demand in short- and long-run by 
focusing on a recall happened for ground beef in Utah in August 2009. Using the Nielson 
retail scanner dataset and employing difference-in-differences and synthetic control 
approaches, we test whether consumers in Utah reduced beef purchases after the 2009 
Salmonella outbreak of ground beef products. The result of DID approach indicates that 
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the Salmonella event reduced ground beef purchases in Utah by 17% in four weeks after 
the recall. However, the synthetic control method produces significantly smaller effect 
size (0.8%), suggesting that omitted variable bias could potentially bias our estimates in 
other methods, which applied widely in the previous studies in this context.  
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